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Abstract 

A partitioned particle filtering algorithm is developed to track moving targets exhibiting 

complex interaction in a static environment, in a video sequence. The filter is augmented 

with an additional scan phase, which is a deterministic sequence which has been formulated 

in terms of the recursive Bayesian paradigm, and yields superior results. One partition is 

allocated to each target object, and a joint hypothesis is made for simultaneous location of 

all targets in world coordinates. The observation likelihood is calculated on a per-pixel basis, 

using sixteen-centered Gaussian Mixture Models trained on the available colour information 

for each target. Assumptions a.bout the behaviour of each pixel allow for the improvement 

under certain circumstances of the ha.sic pixel classification by smoothing, using Hidden 

Markov Models, a.gain on a per-pixel basis. The tracking algorithm produces very good 

results, both on a complex sequence using highly identifiable targets, as well as on a simpler 

sequence with natural targets. In ea.ch of the scenes, a.11 of the targets were correctly tracked 

for a very high percentage of the frames in which they were present, and each target loss was 

followed by a successful reacquisition. Two hundred basic particles were used per partition, 

with an additional one hundred augmented particles per partition, for the scan phase. The 

algorithm does not run in real-time, although with optimization this is a possibility. 

X 



Chapter 1 

Introduction 

The problem of target tracking in video sequences is a very advanced and complex area 

of signal processing theory. Although the former seems far removed from the usual scope 

of the latter, we essentially seek to analyze a two dimensional signal through time and 

to identify within that signal, sub-signals, or "targets" which may themselves vary in their 

characteristics, and may even interact with one another and with the embedding signal. The 

embedding signal would then constitute the image of the background scene within which 

the objects are moving. Due to the complexities of the interactions, the most effective 

methods which have been developed maintain joint hypotheses about the location as well 

as the characteristics of the targets to be found, with respect to the background scene, thus 

containing and explaining the observed target occlusions. 

The applications of target tracking in general which are of importance in engineering 

in today's world are many and varied, ranging from military imaging with weapon target 

detection and tracking, to radar target tracking, to security and surveillance applications. 

Target tracking in video sequences may be used for an even wider range, since the infor­

mation content in a video sequence is so much higher than that of radar or sonar or most 

other sensor devices, passive or active. The main areas of application of target tracking in 

video sequences are: 

• Automatic computer controlled surveillance 

• Behaviour analysis 

• Video conferencing and speaker detection and identification 

• Gait analysis for medical applications 

• Video compression with region of interest identification. 

1 
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There are even some unusual applicatioil.B for target tracking such as analysis of social 

insect (and other animal) behaviour, and the analysis of player style and team strategy in 

sports. 

In this thesis we implement and explore the performance of partitioned particle filtering 

on the problem of tracking with a high number of identifiable target objects. In this case 

the targets are people, moving and interacting in a static scene. What makes this problem 

specification more difficult than usual is the high amount of occlusion which results from 

the interaction of the high number of people. Occlusion and noise are generally the biggest 

problems in any target tracking implementation, and the tracker's robustness is a measure 

of how well it recovers from these phenomena, when it loses the target. 

Particle filtering has only as recently as 1993 surfaced in the domain of computer vision, 

where before this, the computational expense of this form of filtering was prohibitive for 

online or even offiine tracking applications. The advantage which the particle filter has over 

other type, of filters (Kalman, Extended Kalman, etc.) is that it allows for a state space 

representation of any distribution. It also allows for nonlinear, non-Gaussian dynamical 

and observation models, and nonlinear, non-Gaussian process and observation noises. This 

results in superior performance in areas where the dynamics and observatioil.B are in fact 

nonlinear and non-Gaussian and where the process and observation noises are essentially 

highly non-Gaussian, as with image clutter. The partitioned particle filter was first proposed 

in 1999, and allows for the partitioning of the state space for a more intelligent sampling 

strategy. The computational efficiency gained through this method is of increasingly greater 

benefit as the dimensionality of the state space increases, hence its applicability to the 

problem of tracking a large number of targets via a joint hypothesis state vector, which 

exists in a space of high dimeI1Bion. 

1.1 Intelligent environments 

The creation of a so called intelligent environment, in which the locations of objects of 

interest and of people is known at every moment is a goal in research at academic institutions 

and in the industry. The ways of discovering these locations may be active, through the 

use of transmitters, or passive, through the use of sensor devices. 

Computer vision provides an excellent solution to the problem of discovering and track­

ing the locations of targets in a scene, with various algorithmic approaches described in the 

next chapter. There are many reasons why one may wish to create an automated monitor­

ing process, which can report at any time where all the targets in the database are in the 

intelligent environment. Once the locations of targets, which in this application are people, 
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are known, further analysis may be performed on this data, for example behavioural anal­

ysis algorithms may be run on the location data, and on the information which subsequent 

sulrlocation and orientation algorithms reveal. Suspicious or criminal behaviour may be 

detected the moment it occurs, if a target is not where it should be or if it behaves in an 

unusual way. 

1.2 Problem statement 

In certain intelligent environments, particularly ones involving high security, it may be 

possible and highly useful to restrict the people in the scene to wearing particul&" types of 

clothing, to assist in the performance of the tracking algorithm. The goal is the monitoring 

of the interaction of the people in the environment, with the environment, and with one 

another. Depending on the quality of the tracking required, targets may also wear natural 

clothing, which would make a colour model tracking method such as this one operate less 

effectively, but within reason, i.e. within the parameters of usable tracking performance. 

Therefore we will also investigate ( although in less depth) the performance of this tracker 

on naturally-coloured targets. For the target recognition stage, it is possible via blue screen 

technology to extract automatically segmented colour information of the target, prior to 

entry into the intelligent environment, and in this implementation, this is the stage which 

is simulated via the manual segmentation of the targets. We also assume that the cameras 

used to monitor these scenes, and which are the input for the tracker, are static. This allows 

us to discriminate more easily between background and foreground regions. 

The emphasis in this thesis is to solve the problem of developing the best tracking 

algorithm for such a controlled environment, which may later be optimized for speed and 

real-time performance. A real-time tracker based on this algorithm may then be connected 

to a network of similar trackers, which would pass initialization information to each of the 

trackers receiving a new target in its range of detection. 

1.2.1 Datasets and manual labelling 

To establish an accurate empirical metric against which the performance of the tracker here 

developed may be compared with alternative solutions, each of the pixels in each of the 

frames in each of three sequences has been labelled manually. This is done to benchmark 

the algorithm, and although it is an unusual investment of time, (in the tracking literature, 

the performance of tracking algorithms is usually described qualitatively), the author feels 

it was necessary for true evaluation of tracking performance. Due to the time consuming 

nature of this manual labelling, only three sequences were so labelled. 
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Figure 1.1: A frame from the indoor bencbruark sequence. 

1.2.2 ludoor (bP.nchm:u·k) SP.quence 

To test the algorithm whlch is here developed, we use three test sequences. The first test 

sequence is an indoor sequence, of seven. people wearing highly coloured clothing, whlcli 

makes eoch of the targets highly identifiable, provided tJ.iat they are not occluded. The 

people arrive from four access points, and it is at the<Je a.ccess points that the tracker for 

t.be intelligent environment may be instructed to scan o.t regular intervals for the arriva.J of 

new targets. The people anive in a random order, and walk in independent random circles 

aroWJd the room, deviating from these circles regularly to jump, crouch, or otherwise. The 

interaction and occll.lliiOll between these people is designed to he very comple.\'., far more 

than for natural scenes, and as cornple.-.: a situation as a tracker might be expected to track 

successfully. The sequen,;e is 460 frames long, and the people leave in a different order from 

that in which they arrived. This indoor sequence is the benchmark sequence in the sense 

that it reveals the true con<litiollS under which the al~-oritbm is intended to operate, and 

therefore more analysis has been applied to t.he performance of the tracker in this scena.rio. 

In Fig. 1.1 we = see a typical frame from the indoor ooquence. 

1.2.3 Outdoor sequences 

The algo1;thm i5 also tested ou two outdoor sequences. In these sequences, there are four 

people which are naturally coloured (we&l'ing normal clothes), and there is a corresponding 
increa.e<l difficulty in distinguishlng these targets from one another. The motion of the 
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I Figure 1.2: A frame from the nrst ouuloor sp,queuce. 

targets is a1sl> simple and natural, and the t.moker's performonce in t.hese sequences is 

tested t-0 eva\uate its performance in this scenario. These outdoor sequeu~.es are included 
as an extendel:t investigation into the performance of the t.racker in other scennrios, but the 

performance ]}as not. been analyzed in the same depth as the indoor sequence. In Fig. 1. 2 

and Fig. 1.3 j e can see typical frames from each of the two outdoor sequences. 

1.3 Breakdown of thesis 
' 

In chapter 2, lthe current and past literature on the subjects of target tracklng, oolow· mod­

<>ls, Ridden M~rkov Models and p;1rticle filtering is re,iewed, as well as some of the mriants 

on t-he basic p~rticle 6Jte1ing scheme which are not strictly Bayesian in tJ1eir furmuJation, 

but which stilll provide good, often excellent trad:ing performance. 

In chapter S, the formulation of the basic particle filter is given, and the notation is 

given which sh~I be used in this thesis with t·egards to particle filtering. 

In chapter14, the method of observation of the state is described, as well as the reasons 

for the choice bf colour spa<:e within which this observation process is performed. The 

methods of training and using Gaussill.ll Mixture Models for the classification of pixels in 

the images of t be video sequence is described. 

In chapter Is, the effects of using Hidden M,;rkov Models on a per-pixel basis to improve 

the classificatif of the pixels given by the Gaussian MLxture Models of Chapter 3 are 

explored. 

I 
I 
I 
I 
I 
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Figure 1.3: A frame from the second outdoor •equence. 

l.n chapter 6, importance s.-m1pling, partitioned sampling, am! the scan phase, which 
is a novel implementation in this t.besis, are described. 

In chapter 7, the results of the combination of the sampling and observational tech­
nique,i in this implementation are described and compared against manually labelled data. 

The ba.,ic particle filter, the partition.c"<I particle filter, and the partitioned p8l'ticle filter 
with the odditioru1l =n pha:;e, a.e .ill compared. 

In chapter 8, we conclude '\\1th Jl summary of the res'Ult• and of some of the interest.jug 
effects that were observed. Also given are directions for possible future areas of research, 

ext(".n<ling this work. 
Although many of the latest particle filtering alg;orithms developed in the last few years 

run in real-time, the software developed for this application does not. The framework 
witJiin which th.ill application was developed, was optimized for extensibility and not for 
speed. It. is only in the more recent years that the computatioru1l power required to use 
particle filtering in target tracking in ,;deo sequences has been poS1ible at all, and it ii< 

usually difficult to mak"e video based target tracking irnplemeutations which can nm in 
real-time. The recent developments in pm'ticle filtering for tracking in video sequeuces 
often reduce the computational e>..-pense at the observation stage by using an analysis of 
the joint hypothesis to select only a pal't of the image region within which to perform the 

observation, although this is not always valid as one should use all the available observation 
data at each time step if one is to develop the best hypothesis. Oue particularly effective 
method for doing this is cliscw;sed in Ch.apter 4, and involves computing in adVQllce the 
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probabilitytr the classific~tion of each pixel as a background pLxel, and di>iding through 

by this vii.I when calculating a foregrotmd pLxel's probability, resulting in all of the image 

data being plicitly taken into consideration ll]. In general and in this implementation we 

may say that iterating through each pixel for ea~h fmmc on~~ per particle is certainly the 

most. c:iq:,~ive stage of the filtel', and in this implementation, where there is one state space 
partition er ated per target object, t-hc c.omputation required is multiplied by the nmnber 

of partiti . With state of the art equipment, and rughly optimized code, it is likely that 

this algorit m could run in real-time, howe\""r that is not the goal of this research. 



Chapter 2 

Literature Review 

In this chapter we review some important literature in the various methods of target track­

ing, using linear and nonlinear filters. Methods for target location are reviewed, as well as 

methods for target hypothesis evaluation. 

2.1 Kalman Filter based trackers 

In [21], published in 1970, Bar-Shalom and Fortmann develop the Probabilistic Data Asso­

ciation Filter (PDAF), in which a number of extensions to the Kalman filter are described 

for dealing with a multi-modal Gaussian observation density, and a linear Gaussian process 

density. Later in [23], their Joint PDAF (JPDAF) is developed, and the state density is 

then also represented by a multi-modal Gaussian distribution. This is relevant in the gen­

eral case where there is uncertainty in the target la.belling, i.e. after the target detection 

stage, when the targets need to be identified. In this implementation the targets are highly 

colourized and identifiable, but such data association methods can be incorporated into a 

particle filter framework when the targets are capable of being confused with one another. 

In [16], published in 1995, Goncalves et al. track the pose of a human arm in a monocular 

image seqence, where the shoulder remains fixed, using a Kalman filter based approach. 

Rehg and Kanade [17] also use a Kalman filter approach for self occluding articulated 

objects, to track a hand. 

Intille et al. in [18], published in 1997, develop a real-time tracking algorithm which can 

track multiple objects in a known, closed environment, using contextual information which 

allows for the adaptive weighting of the features used to make the matching correspondences. 

The features used are blob size, colour, velocity and position. Simple Euclidean distances 

are used for the position differences and the colour-average distances between blobs and 

objects. This implementation has problems when dealing with blob merging, inaccurate 

8 
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scenario where many points may belong to each target, all among background clutter. 

In [41], Torma and Szepesvari develop LS-N-IPS (Local Search N-Interacting Particle 

System), replacing the dynamics stage of the standard particle filter with a local search 

step. Each particle is thus refined analytically based on the information yielded in the 

observation stage, which is a B-spline perpendicular distance measure similar to that used 

by lsard in [7], and MacCormick and Blake in [32]. A uniform convergence property for 

LS-N-IPS is also proven. 

In [42], published in 2003, Khan et al. track multiple targets (social insects) using a 

Markov Random Field as the prior for a motion model. A single joint particle filter for all 

targets is discarded in favour of a particle filter for each target, which is reported to yield 

superior results. Each filter is prevented from being in a similar state to any other via a 

Markov Random Field, which is a factor in the observation for each filter. 

Pitt and Shepherd in [44] (published in 1997) developed the auxiliary particle filter, 

and tested it on simulated range data, where it outperformed the standard particle filter. 

Two weighted bootstraps are performed per time step. In the first, particles are weighted 

according to some function of the dynamics distribution rather than the sample drawn from 

the dynamics. This intermediate distribution is then resampled and weighted according to 

the true observation for the particle. 

In [46], published in 2003, Bruno develops a mixed-state particle filter framev.urk, ac­

cording to which changes in the object's appearance may be modelled via a state variable 

and a corresponding method for observing the target depending on its state. The framework 

is developed for both the Auxiliary Particle Filter as well as the SIR particle filter. The 

algorithms are tested on synthetic infrared airborne radar data, where both outperform the 

standard condensation tracker. 

Nummiaro et al. in [47] track multiple objects using an adaptive colour based particle 

filter. The Bhattacharyya coefficient is used to compare the distributions of the observation 

and the target model. The model is only updated if the current estimated position of the 

object has an associated probability which is higher than some threshold. This will prevent 

the target histogram from being updated if the target is temporarily or permanently lost. 

In [48], published in 2003, Li and Chue use an adaptive colour histogram technique 

for tracking human targets. Data is classified as labelled or unlabelled at each time step, 

and the unlabelled data is used to adjust the colour histogram which is calculated from 

the labelled data. Unlabelled data contributes in proportion with the probability which is 

associated with the particle which generated it, and unlabelled data is so classified if its 

probability measure is below a certain threshold. 

Odobez et al. [50] in 2003 remove the independence assumption of the data per frame in 
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the SIR particle filter, adapting the filter so that dependence between data at successive time 

steps is taken into account, as is dependence between data and the state at the previous time 

step. It turns out that only the measurement equation changes. This measurement equation 

is factorized into the product of a correlation measurement and a shape measurement. In 

the correlation measurement, the correlation between the data at the target window at the 

current and previous time steps is taken into account; in the shape measurement, contour 

distances may be calculated. In this way the need for pr~trained appearance models is 

bypassed, provided that the tracker is initialized at the correct position. Pr~trained target 

reference models such as colour histograms may also be used to augment this system, 

yielding improved results. 

In [52], Zhou et al. stabilize the standard tracker using adaptive observation models, 

a velocity model with adaptive noise variance, and adaptive numbers of particles. The 

adaptive velocity is computed using a first order linear predictor depending on the previous 

particle configuration. Their algorithm is tested on vehicles and hum.an faces, and is superior 

to a standard particle filter. 

In [53], published in 2002, Vermaak et al. use a stochastic Expectation-Maximization 

algorithm to adapt the observation model of the target object (where the observation con­

sists of histogram comparison). In addition, the observation model is adjusted only when 

the target is both present and in motion. The dynamical model for the translation and 

scaling of the target follows a Langevin dynamical model, and conjugate Dirichlet priors 

are used for the observation model to allow for a closed form solution in the Maximization 

step of the observation adjustment. In a similar implementation to [1], the image data is 

preprocessed with three isotropic Gaussian filters per pixel, two to reveal the colour, and 

one to reveal the apparent target motion occurring at that pixel. At each time step the 

image is scanned for likely target locations, and these locations are used as the proposal 

distribution in the particle filter. 

2.4 Variants on the Particle Filtering algorithm 

In [49], published in 2002, Bruno extends the bootstrap filter to include importance sam­

pling, and also uses a 2D non-causal Gauss-Markov random field model to describe the 

clutter spatial correlation. The tracking is compared to tracking on the same data using 

the Kalman-Bucy filter, which the extended bootstrap filter then outperforms. 

Tacher and Darrel, in [55], published in 2003, develop a Bayesian pose recovery algorithm 

to track the upper body of a person. Importance sampling and a kinematic modelling are 

used, and at each stage the current frame is analysed and the pose extracted. The pose from 
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the previoUB frame may be UBed as a constraint on the sampling for the current frame, but 

the framework does not conform to particle filtering, although according the the authors, 

the implementation is superior to the basic particle filter with diffusion dynamics. 

In (27), published in 1997, HigUBhi applies principles from genetic algorithms, namely 

the crossover and mutation operators, to the sample sets which represent the posterior 

distributions of the standard particle filter at each time step. The sample sets are treated 

as populations and the samples as individuals, the components of which may be combined 

with one another ( crossover) or altered (mutation) to provide samples for the iteration at the 

next time step. The new population (sample set) in this implementation was generated after 

the Sequential Monte Carlo (SMC) resampling stage. The drawback of this implementation 

is that the genetic modification stage affects the convergence of the algorithm to the true 

posterior distribution. In addition, the genetic JIK)dification of the samples in the population 

were based on their binary representation, as is often the case in genetic algorithms, however 

this is inappropriate for high precision, multidimensional problems. 

In [28), published in 2002, Tito et al. introduce a new form of the Genetic Particle Filter, 

called the Genetic Sampling Importance Resampling (GSIR) filter. In this implementation, 

the genetic operators are capable of working directly on the floating point numbers, and 

also allow for convergence to the true posterior distribution. 

Choo and Fleet in (64), published in 2001, develop a Hybrid Monte Carlo (HMC) filtering 

algorithm to track people. Each person is tracked by a Monte Carlo Markov-Chain, with 

the idea that the state space may be explored faster than in a traditional particle filter 

by creating a fewer number of particles, each of which searches the state space UBing the 

posterior gradient, while all the chains taken together, still converge towards the correct 

posterior. In a 28 dimensional tracking problem, it is found that the HMC filter is several 

thoUBand times faster than a traditional particle filter. 

2.5 Multi Camera Tracking 

In (61), published in 1996, Gavrila and Davis use a generate-and-test strategy to search 

through pose space for the articulated body tracking, with a robust variant of chamfer 

matching (62) used as a match metric. Areas of interest in the multi-view data are obtained 

through background subtraction, and the basic pose ( major axis of orientation) of the person 

is extracted from a Principal Component Analysis (PCA) of data points sampled from the 

region of interest. A constant acceleration model is used with a best fit search technique, 

and the search space is decomposed in a precursor to partitioned sampling for condensation 

trackers. 
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Haritaoglu et al, in (56), published in 1998, use intensity and disparity images obtained 

from a stereo camera rig. Background pixels are modelled by establishing for each a maxi­

mum, minimum and maximum change per frame (intensity only is used, not colour). Objects 

are then matched using templates, shape analysis and dynamics. 

In [57], published in 1998, Darrel et al. combine colour and face detection and the use 

of a stereo camera system for tracking people. A distinction is made between long, medium 

and short term tracking, and different data is used to track in these different phases (i.e. 

face detection for long term tracking and dynamics for short term tracking). 

Krumm et al. in [58), published in 2000, locate the targets using stereo information, 

then use colour to identify them, by means of histogram intersection. Birchfield in [59] 

(1998) also used histogram intersection as well as intensity gradients to track heads. 

In [60], published in 2002, Black et al. use a multi camera system and a pair of Kalman 

filters per target per camera. One of the Kalman filters tracks the object in 2D image 

coordinates, while the other simultaneously tracks the object in 3D world coordinates. 

Information about the observation uncertainty is passed by covariance propagation from the 

2D Kalman filter to the 3D Kalman filter to assist its tracking, and viewpoint integration 

is done by calculations of the homographies (planar mappings) of the views. 

Lee et al. in [63], published in 2002, develop a method for integrating analytical inference 

into the particle filter tracking, which allows subsets of the state space to be updated at 

any time. Points belonging to the target object are solved for using the multiple-view 

geometry, and these points are analyzed to find specific body parts within the region in 

world coordinates. This information is then used to solve for a part of the state space, and 

the particle filter is then used to search the rest of the state space. 
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~+1 

Figure 3.1: Graphical representation of conditional dependencies over four time steps. 

This graphical notation for conditional dependence is used extensively in the field of 

Bayesian networks, and has been used in [50] and elsewhere. 

3.1.5 Particle Filter Equations 

The rule for the propagation of the state probability distribution in time is: 

where 

in which p(XtlXt-1) represents the state dynamics, and may be defined for each time 

step t, and p(Zt!Xt) represents the observation density at time t. The observation density 

may also change over time, as the data Zt against which the state vector Xt is to be 

compared. This latter probability is the answer to the question, how likely is it that a 

particular state vector gave rise to the obseroed data. The normalizing term kt may be 

expanded as 

and kt then does not affect our state prediction except via an overall multiplicative 

factor, which will not affect our state estimation, prediction, or any other operations. 

There are a number of ways in which these equations may be carried out algorithmically. 

Perhaps the most commonly used method is to represent the current state distribution by a 

weighted set of samples (also known as particles): {st>, 1rt>, ct>}, with n = 1, 2, .. , N where 

st> represents the nth sample at time t, 1rt> represents the probability weight associated 
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with that sample, and ct) represents the cumulative probability distribution of the samples 

up to the sample in question, where we assume some random order has been established on 

the samples. Such a sample set may then approximate any distribution Pt(x): 

N 

Pt(X) = L 1r;")o(X s?l), 
i=l 

where 8(.) is the Dirac delta. The question arises how we may sample, or simulate from a 

distribution represented by such a set of particles, and one way is Factored Sampling. As 

the number of samples tends to infinity, so does the approximate distribution tend toward 

the true distribution. 

3.1.6 Factored Sampling 

Factored sampling represents one way to sample from this distribution. As mentioned earlier 

each sample is assigned the normalized probability 

(i) 
(i) _ Pz(st ) 

1rt - N (") ' 
Ej=1Pz(s/) 

where 

which is the observation density given a sample value Xt and measurement data Zt. 
To perform factored sampling, we choose from this prior, with replacement, sample si~1 

with probability ~-l · For each sample thus chosen, we sample again from the dynamical 

distribution p(XtlXt-1 = si~1), to generate a sample sii), and this sample is then evaluated 

against the observation density p(ZtlXt = s?)) to find its unnormalized probability. 

3.1.7 Algorithm for particle filtering using factored sampling 

The following algorithm will generate from the prior, represented by the sample set {si~t 1rt~}, 
with n = 1, 2, .. , N for time t - 1, a posterior distribution, represented by the sample set 

{stl,1rt)}, with n = 1,2, .. ,N for time t. 
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For each time step, construct the nth of N new samples as follows: 

1 S 1 l i(n) (i) · h b b•l't _j . e ect a samp e st-l = st-l wit pro a 11 y '"t-i · 

2. Predict by sampling st> from the distribution: 

3. Calculate the observation probability using the observation data for that timestep Zt, 

and weight the particle accordingly. So 

After all N samples have been generated with their corresponding probabilities, the sample 

probabilities across the sample set are normalized so that: 

N 

~1r?> = 1 
i=l 

We may also calculate the cumulative distribution across the sample set for ease of 

sampling in the next time step. 

Each sample may thus be stored as a tuple (st>, 1rt>, ~n)) after all samples have been 

evaluated where: 
~1> = 1r?> 

~n) = ct-l) + 1rt) {n = 2, 3, .. , N} 

The benefit is that to generate a sample from a sample set so represented, we may 

randomly generate a number r from the uniform distribution between zero and one, and 

then search in increasing order through the sample set until we come across a sample whose 

cumulative probability weighting cin) is greater than r. This is then a fair (approximated) 

sample from the distribution which the sample set approximates. 

3.1.8 Processing all the samples 

Another formulation of the algorithm to represent the particle filter equations is to evaluate 

all of the samples which make up the prior. Although this is generally inadvisable, since we 

would prefer to spend our computation on samples which are closer to the peaks of the prior 

distribution, this formulation is still valid and is also helpful in understanding Importance 
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Sampling which we discuss later. 

The following algorithm will generate from the prior, represented by the sample set {stt 11't~}, 
with n = 1, 2, .. , N for time t - 1, a posterior distribution, represented by the sample set 

{st>, 11'}n>}, with n = 1, 2, .. , N for time t. 

For each time step, construct the nth of N new samples as follows: 

1. Select the nth sample from the prior. sti = si~1 

2. Predict by sampling st> from the distribution: 

3. Measure and weight the new sample according to the observation data for that timestep 

Zt and the source sample's probability in the prior. So 

After all N samples have been generated with their corresponding probabilities, we then 

normalize the sample probabilities across the sample set so that: 

N 

I:11'}'> = 1 
i==l 

Actually, we also require for this algorithm to be effective a resampling step after the third 

step, but we will discuss this in greater depth in Chapter 6. We can see that this algorithm 

is similar to the Factored Sampling algorithm, but the first step has become redundant 

since all samples are processed. Thus we need to maintain each sample's prior probability 

as a factor in its posterior probability in step 3. 

3.1.9 Moments 

If we are interested in estimating the moments of the posterior distribution, we may calculate 

them directly from the sample set as: 

N 

E[f(Xt)] = L 11'in) /(st>). 
n=l 
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For example to establish the mean state we could set 

More often we are interested in the maximum a posteriori (MAP) value in the posterior 

distribution, which corresponds to the sample in the posterior sample set which has the 

highest associated probability, or 

(j) 
m = argmax P(ZtlXt = st ), 

j 

then s~m) is the sample with the highest observation probability and for our purposes the 

MAP state estimate for a particular time step t. Although it can be argued that when 

we use the Minimum Mean Square Error (MMSE), which is the first moment of the state, 

the estimate is more robust, it was judged in this implementation that the MAP estimate 

gives visually preferable results for the state. To show this, consider a minimal case, where 

two particles are used to track an object. When the MMSE estimate is used, if a correct 

particle has a probability only slightly greater than the second particle which represents 

an incorrect hypothesis (this may occur for example when a particle is tested against a 

target which is similar to the actual target), the MMSE estimate will be a weighted average 

of these two particles. But because the weights are similar, the estimate exists in space 

somewhere between the true target and the false one, and is entirely useless. With more 

particles, this effect remains whenever parts of the data closely but imperfectly mimic the 

target, as is the case in the sequences we analyze in this thesis. 

3.2 Dynamics of the Basic Particle Filter 

The specification of the dynamical distribution P(XtlXt-1) is important to the successful 

performance of a particle filter. For a particle filter to track correctly and in the allotted 

processing time, it is important that the samples which are measured are drawn from an 

optimal location in the state space, and the accurate determination of the state dynamics 

is one way to optimize the location of these samples. 

Object dynamics are sometimes represented a second order auto-regressive process, with 

additive noise. Therefore, 

Xt = A2Xt-2 + A1Xt-1 + Do + Bowt 

where Wt are independent vectors of independent standard normal variables. A1, A2 are 

matrices representing the deterministic components of the dynamical model, Bo represents 
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the stochastic component, and Do is a steady state dynamical term. We may also express 

this by forming a vector 

so that 

where 

A=( O I), D=( O) andB=( O )· 
A:.i A1 Do Bo 

3.2.1 Specifying the dynamical variables 

With the dynamics defined this way, the system becomes a set of damped 06cillators, with 

natural frequencies and damping constants determined by A, and with external additive 

noise determined by B. To set these constants by hand in the case of a single stochastic 

variable Xt where 

we can assert our damping constant /3, our natural frequency f, our root mean square 

average displacement p, with a system time step of length r. We would then have: 

a1 = 2exp(-f3r)cos(211"fr) 

a2 - exp(-2f3r) 

and 

This mode of specifying the dynamical parameters is generalizable to multiple state 

variables. 

If dynamics are taken into consideration, this will typically be done by including an 

additional dimension representing the velocities of all its current dimensions. Stochastic 

diffusion noise may be added to the components of the state vector (which usually represent 

position) of the particle after it has been operated on by the transition matrix A, and noise 

corresponding to acceleration in the particle may be then added to the velocity dimension 

of the corresponding p06ition dimension. 
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So, with x, y, z representing 3D coordinates for example, 

Xt = (x,y,z) 

would be replaced with 

Xt = (x,y,z,x,y,i), 

and in this case 
1 0 0 1 0 0 

0 1 0 0 1 0 

A= 
0 0 1 0 0 1 

0 0 0 1 0 0 

0 0 0 0 1 0 

0 0 0 0 0 1 

Implementations of particle filtering usually do not include any dynamics other than 

stochastic diffusion. The extra dimensions required. in the particle vector essentially double 

its size, and although there is a high degree of dependence between each velocity element 

and its corresponding position element, the number of samples taken would usually have to 

increase to compensate for the larger size of the state space, resulting in a higher computa­

tional load. In addition, in the target tracking domain, it is often the case that the velocity 

of the object changes too suddenly and too frequently for the inclusion of a velocity term 

to be expedient. 

In the case where the state space represents something more complicated than simple 

position and orientation, but rather something like a configuration in shape-space, a dy­

namical transition matrix may not be obviously specified. In such a case, is may be useful to 

learn a dynamical model from typical training data. This method is in fact also applicable to 

the case of a position/orientation state space, and would allow us to use a dynamical model 

without including a velocity term in the particle vector, but in target tracking problems, it 

is not usual to be able to infer useful general dynamical trends except for specific problems, 

e.g. people (targets) generally walking in a particular direction and then generally turning 

in a particular direction when they have reached a particular point. 

3.2.2 Learning a dynamical model 

The following algorithm, taken from (7), allows us to calculate estimates for the matrices 

which represent the state space dynamics. 

Given a correct sequence of points in state space (X1, X2, .. , XN ), 



1. Sums and autocorrelations a.re calculated: 

N N 

Ki = L X1c-i, 

k=3 

Kij = I::x1c-,xLj, 
k=3 

2. Then we may calculate the matrices for the dynamics using 

At= (K~1 -A2K~1)K~11) 

A (K l vi K1-tK1 )(K1 K1 K1-tK1 )-1 2 = 02 - .n.01 11 12 22 - 21 11 12 
1 

Do= N _ 2(Ko-A2K2-A1K1) 

3. Then Bo is the matrix square root Bo ../C with 

1 T 
C = N _ 

2 
(Koo - A2K20 - A1K10 - DoK0 ) 
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Chapter 4 

Measuring condition probability 
of observations: aussian M ture 
Models and olour Spaces 

We have seen in the previous chapter how to implement the sampling and dynamics stages 

of the particle filtering algorithm, what remains to understand the basic particle filter is to 

describe the method of taking the observation for a particular sample, i.e. how to calculate 

p(ZtlXt = s~i)). The observation of a particle seeks to calculate the likelihood that the 

hypothesis has caused the current observed data. Within the problem domain of particle 

filtering for tracking people, we may say that in general there have been two approaches: 

contour based, and colour/histogram based. Each has its own advantages. The contour 

based approach has the benefit of allowing greater detail to be used in the hypothesis 

model, since the locations of body parts (limbs, torso) may be detected and independently 

verified via an edge detection matching against an image which has been preprocessed by 

an edge detection filter, such as the Canny, Sobel or other. 

The benefit of using a colour/histogram measure is that very often the colour properties 

of a target object vary very little with the aspect of the object, so that a total object 

localization becomes easy to do, although perhaps the particular configuration of the object 

would be more difficult to calculate. If the colour information known about the target is 

not useful in distinguishing it in the scene, then one may need to rely on contour, or other 

information. However, for this implementation, where the environment is controlled, and 

the targets are wearing identifiable colours, we prefer using a colour based method. In 

particular we seek to classify the image data on a per pixel level, using the available colour 

descriptions of the targets. We therefore use Gaussian Mixture Models, which have been 

shown many times to be highly applicable to this class of problem. The method with which 

27 
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the GMMs are trained is baaed on the Expectation Maximization algorithm, and is due to 

Nabney, [67]. The reader may refer to Appendix A for a full description of this algorithm. 

4.1 Colour spaces 

The usual Red-Green-Blue (RGB) representation of colour data is just one of many different 

available colour spaces. In fact, there are many reasons why the RGB space is less useful 

than other spaces, and for this reason we need to examine the use of other colour spaces 

for the representation of our colour data, and for the formation of the Gaussian Mixture 

Models for out target objects. Different spaces yield different models, as can be inferred 

upon examination of colour space scatter plots of data points (pixel values) in sample 

distributions taken from the various target objects. There are a number of different colour 

spaces at our disposal. The effect of using different colour spaces, given that our original 

data is recorded in RGB space, will be to adjust linearly or nonlinearly the location of each 

colour point, as well as the distances between colours. Thus our methods for comparing 

colour distributions will be affected, as will the calculation of the probability of a pixel of a 

particular colour belonging to a particular mixture model. 

4.1.1 RGB 

Human beings have three types of photoreceptors, which are sensitive, approximately, to 

red, green and blue colour wavelengths. When we want to capture any particular colour, 

we may do it with colour detection sensors in such a way that enough information is stored 

to stimulate human photoreceptors to experience the same colour on reproduction. One 

way of doing this is to use sensors which have approximately the same frequency response 

as each human photoreceptor. 

For any colour capture device, we define the red, green and blue components of a par­

ticular light as 

1
830nm 

R = S(>.)R(>.)d>., 
300nm 

1
830nm 

G = S(>.)G(>.)d>., 
300nm 

1
830nm 

B = S(>.)B(>.)d>., 
300nm 

where R(>.), G(>.), B(>.) are the red, green and blue sensors' respective sensitivity to 

wavelength >., and S(>.) is the incoming light spectrum. Since the definitions of red, green 
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and blue depend on the capturing device, we notice that the RGB space is therefore itself a 

device-dependent colour space. There exist methods for calibrating any device-dependent 

RGB data into perceptually uniform colour spaces, and providing this is done, we may 

subsequently transform the calibrated data into other spaces. One reason why we may 

wish to perform such transformations is that in the RGB space, there is high correlation 

between the R,G and B components in natural images. Another reason is the perceptual 

non-uniformity in the RGB space, where there is a low correlation between the Euclidean 

distance between two colours and their perceived colour difference. 

4.1.2 Opponent colour space 

This colour space was constructed by Ewald Hering after he noted that certain hues never 

appear together, for example red-green or yellow-blue. This provides a natural way to 

formulate a colour space which had low correlation between components in natural light. 

It was later discovered that there is a layer in the human visual system which converts the 

RGB stimuli of the cones into an opponent colour space. The new components are: 

RG=R-G, 

Y eB = 2B - R - G, 

WhBl=R+G+B. 

There is also a logarithmic opponent colour transformation: 

RG = logR-logG, 

y B - l B (logR+ logG) e -Og -
2 

, 

WhBl = logG. 

4. 1.3 Ohta transformation 

This is an approximation to the Karhunen-Loeve transformation of the RGB components of 

natural colours, and was developed for a region segmentation application by Ohta, Kanade 

and Sakai in 1980 (70]. The components are very well decorrelated: 

11 = R+G+B, 
3 

R-B 
12=---, 

2 
2G-R-B 

Ia= 4 
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4.1.4 YUV and YIQ 

The YUV and YIQ colour spaces are used in the transmission of analogue television, the 

former in Europe, the latter in North America. These spaces seek to encode the luminance 

in the Y component, and the chromaticity information in the other two channels. All three 

channels are orthogonal, and relatively decorrelated for naturally occurring colours. These 

colour spaces are well known, and widely used. 

[ 

y l [ 0.257 
U -0.148 

V 0.439 

4.1.5 HSV 

0.504 

-0.291 

-0.368 

Hue-Saturation-Value is one of the so called phenomenal colour spaces, where a colour is 

described by its hue (redness, yellowness, etc), saturation (level of non-whiteness), and value 

(total brightness of perceived colour). This is the mind's most natural way of classifying 

colour. There are a number of different definitions for the transformation from RGB to 

HSY space. One such definition is: 

ma.x( (RG,B) if max(R, G, B) = R 

H= 2+ if max(R, G, B) = G 

4+m R-G if max(R, G, B) = B (R G,B)-min(R I 

S _ max(R, G, B) - min(R, G, B) 
- max(R, G, B) ' 

V = max(R, G, B). 

If the saturation is zero, then the hue is undefined. 

4.1.6 XYZ 

The XYZ transformation, proposed by the International Commission on Illumination ( CIE) 

along with L*a*b*, is used as a linear transformation on the RGB data before the L*a*b* 

conversion is applied. Not all visible colours may be represented by linear combinations of 

primary colours in RGB space. To solve this, we may use XYZ space, in which all visible 
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colours may be represented as linear combinations of X,Y and Z, which are not real colours, 

and are so termed virtual primaries. The transformation is: 

[ 

X l [ 0.412453 0.357580 0.180423 l [ R l 
Y = 0.212671 0. 715160 0.072169 x G . 

Z 0.019334 0.119193 0.950227 B 

4.1.7 L*a*b* 

The L*a*b* is a nonlinear transformation from XYZ space, and usually RGB data is first 

transformed into XYZ, then to L*a*b*. It was proposed in 1976 by the CIE, and was 

intended to be a perceptually uniform colour space [69], suitable for measuring colour dif­

ferences under daylight or similar conditions. The XYZ values are normalized by the so 

called white point, and this allows us to use the L*a*b* space in different lighting conditions. 

L•= { 

1 

116(f 3)-16 if f > 0.008856 

903.3(f-16) if f ~ 0.008856 

X y 
a•= 500[f(x)- f(y)l 

y z 
b• = 2oo[f(y)- !(z)l 

where 

J(t) = { 
1 

if t > 0.008856 fa 

7.787 X t+ -I& if t ~ 0.008856. 

In the L*a*b* space, perceptual colour differences can be quantified as the Euclidean 

distance between points in this space. 

4.2 Extracting GMM models for target objects 

Models for the target objects may be obtained by taking one or more manually segmented 

frames, possibly from the tracking sequence itself, and extracting a set of RGB points for 

each target object. These data points are then used to create a Gaussian Mixture Model 

for each target object. 
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A set of GaUBsian Mixture Models is created in this way for each target object, with 

the RGB data converted to various colour spaces beforehand. Although this may make a 

difference for example in the positions of the means and in the final covariance matrices 

for each model, we do not investigate the effects of different colour spaces on the tracking 

algorithm itself. Instead, we inspect the probabilistic pixel labelling produced by comparing 

the pixels of an image with respect to each of the GMMs we have created, and investigate 

a metric which we have developed to test the correctness of the pixel classification in these 

probability maps. The probability maps presented in section 4.6 demonstrate the quality 

of the probabilistic pixel labelling produced by this process. 

4.3 Developing a set of GMMs for the background 

Assuming that the camera and scene are static, we have at our disposal information about 

what the static background looks like. We can use this to assist in the probabilistic classi­

fication of individual pixels in the scene. 

The approach taken in this implementation with respect to the classification of the in­

dividual pixels, is to develop a GMM for each background pixel according to its behaviour 

as observed over several frames. Since the camera and the scene are largely static, it was 

deemed sufficient to approximate the behaviour UBing a single Gaussian center and covari­

ance matrix, although the framework allows for individual pixel models with an arbitrary 

number of mixture centers. An alternative approach, used in [1], is to create GMMs for 

a region of pixels. This would assist in situations where parts of the background actually 

move, such as the leaves of trees blowing in wind. However, since we are dealing with an 

indoor intelligent environment, we do not expect the scene to behave in this way. 

When calculating the probability that a pixel belongs to a pacticular model, we create 

the activation matrix A, as we did when training the GMM for each object model (see 

Appendix A), UBing all the available GMM object models and their associated means and 

covariances. A contains in its entries probabilities of data points being caused by each 

mixture center. From this we create a normalized posterior matrix R, which is a normalized 

caUBality matrix which also takes into account the prior probabilities of the mixtures centers 

in A. Included in this set of GMM.s is the GMM for the background model for the pixel 

which is currently being tested. 

Care must be taken to label each mixture component with the model to which it belongs. 

Our new vector of mixture center priors, which originally looked like 



p = [ Pl P2 · · · PK ] , 

will now be composed of labelled entries, 

P=[pl p~ p~ p~ p~ p~ ... p~ ], 
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where p~ indicates that this element of the prior vector P is associated to mixture 

component n, which belongs to model m, where m is an element of the set of h available 

mixture models. Typically we will have one mixture model per target object, and one for 

the background at the current pixel. 

It is more convenient for the notation to represent the models to which each mixture 

center belong in a separate vector: 

L=[1 1 2 2 3 3 ... s]. 
Assuming that there is no a priori bias towards any one of the models, we need to 

normalize the prior vector in such a way that the sum of prior probabilities for each model 

are equal: 

m= l..h 

where h is the number of models we are using, including the background model, and 8m (.) 

is a dirac delta centered at m. The number of mixture centers per model may thus vary if 

desired. 

4.4 Samples representing locations of target objects 

In this implementation, we seek to track moving targets, which are people, through a video 

sequence. The state space in which our state distributions exist represents the joint space 

of all the 3D locations of the target objects. For a single person, our state vector would 

consist of that person's x,y and z position, in world coordinates. Since a single particle in 

our prior, dynamical or posterior distribution represents the location of all the people in 

the scene, the particle vector is a concatenation of the x,y and z coordinates of all of the 

people in the scene. If there are N people being tracked in the scene, then the ith particle 

at time t might look like 
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Figuro -l.1: ltuage projection of $Bmple generat.ecl at a particular time in a particle filter, or parti­
tioned particle filter, in this implementation. 

if there are N people in the scene. 

To take au ohservation of au object using image data, we need to project the location of 

the hypothesized region in which the person lies into image coordinates. In the spirit of [l] , 

we choose to represent the region which a person occupies as an ellipse in world coordinates. 

Thls 3D conic benefits from many invariant properties <1-5 well as being simple to render into 

a calibrated scene. In this implementat.ion we use the OpenGL rendering pipeline which 

fits neatly into the C+ + code in which the rest of the particle filtering algorithm is written. 
All the ellipsoids are rendered into an empty scene, which we may then search tln-ough 

to discover the pixel labelling generated by any sau1ple hypothesis. The use of a joint 

hypothesis of all target objects within a single particle has the added advantage that mutual 

occlusion between the taJ:get objects may be modelled in terms of the pi.xel labelling after 

the reudering stage. As examples of joint hypothesis ellipsoids generated by particles, we 

see Fig. 4.1, Fig. 4.2 and Fig. 4.3. 

4.5 Observing particles rn,ing G-anssian lVHxturc lVIodels 

Now that we h,we developed a method for asses,;.iug the probability that any pixel belougs 

to any of a set of models, we are equipped to formulate the inethod by which we take the 

observation p(Z1 IX, = s\;l) of a particular sample syl. Given that each particle is projected 

as an ellipse into the scene, and that these ellipses may be regarded as hypothesized pixel 



Figure 4.2: lmage projection of sample generated at a p•rticular time in • · particle filter, or parti­
tioned prut· le 61ter, in this implement•tion. 

Figru·e 4.3: Image projection of sample goncratcd at • prutieutar time in a particle filter, or parti­
tioned parti le filter> in this implementation. 
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Figure 4.4: The image projection of such • hypothe,\$ will be compared to the data image. If 
the hypotbe,is is good, then the target objects which the ellip:mid,; represent will occupy the :,awe 
region iu imag,i space as the poople. 

labellings for the current frame, the observationp(Z1IX,) of a particle may be calculated as 

G G 

p(ZtlXi) = fl p(z9 IX,) = Ilp(z9 l19 ) , 

g=I g=\ 

where 9 is t.he index of a particular pbccl on the image grid, which contains G pixels 

in total. The labelling of pbcel g as hypothesized by the current particle s\nl is (9 where 

19 E {1, 2 .. h} with h the number of models/target. objects, including the background. We 
may .ee an example of bow the ellipsoids are designed to represent tnrget objects in Fig. 4.4, 

where the ellipsoids are superimposed on the corresponding frame in the sequence. After 

all particles have been observed, the Ma.ximum a Posteriori (MAP) estimate is found. Fig. 

4.5 •hows the 1.l•IAP eatimAte for a particular frame in the indoor sequence. 
Note that here independence between all pixels with respect to their observations given 

the hypothe.!ized labelling of that pixel is assumed. It is possible hero to improve t.he 

probability estimate via a region based homogeneity measure, po•sibly via Markov Random 

Fields, to take advantage of the fact t.hat pixels of a target object are usually adjacent to one 
another, and thereby discaxding t.he aforement-ioned simplifying independence assumption. 

After we have calculated an activation matrix based on the current pi'Cel as the data, given 

our oombined Gaus..ian Mb,'ture Model, we calculate for the combined G};IM a normalized 

1 x I( posterior matrbc R. This step is otherwise identical to the calculation of the posterior 



37 

Figure 4.5: After each of the partitions ha,; been µroc-essed, we 81• iuwrested in the Maximum 
a Posteriori estimate of the state space. The sample with the highest probability i• stored and 
<lisplayecl. 

matrix R i the training of the GMM, described in AppendLx A, altho11!';h N = 1. since 

there is o , one data point. i.e. the current pixel. 

Again e develop a likelihood for ea.ch of the mixture centers: 

pt= R1; {j = l .. K}. 

The probability p(z9 lt9 ) is then 

K 

p(zgll9) = I:a,,(L,)'4 {m = 1,2, .. ,h} 

where h is bncc again the nmnber of mixtures models in the GMM, and L is the labelling 

vector for th<' G.\•l.vl mixture centers. 

For notr tional convenience, we may rewrite 

p(z9 19) = P1,(z9) 

As poi tecl ont iu [lJ aml [53J, with the pbcel prob:>bilitics clefined 1.hLs way, and sin<X! 

the obscn tion density only ncccls to be evnln.~l.cd up to"' multiplicative constant, we can 

write 
C C 

p(Z,IX,) ~ fl p(z.lX,) = fl p1,(z,,) = II p,,(z11 ) X I1 P8(z,,) 
g=I g~1 .'JEr !1€8 
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where PB(.)= p1
11

(.) with lg= B, Fis the set of all pixels which are hypothesized to lie in 

the foreground, and B is the set of hypothesized background pixels. 

Using this observation, we may normalize the expression for the observation: 

This allows us to visit only the foreground pixels when we perform our observation using 

the image data. 

As also indicated in [1] and [53], another useful formulation is to convert all the proba­

bilities in an image-preprocessing stage into the log domain. Then we will have: 

log(p(Z,JX,)) - log (fl p(z,JX,)) - t, log (p(z,JX,)). 

This allows one to replace the product term with a sum term, which often speeds up 

the processing as well as removing the underflow problem, which is arises due to the large 

number of pixels in an image. 

4.5.1 Underflow 

A problem which is solved by conversion into the log-domain is that if the probabilities are 

simply calculated according to 

G G 

p(ZtlXt) = Ilp(z9 1Xt) = ITp1 11 (z9 ), 

g=l g=l 

this results in an extremely small value for p(ZtlXt), often well below machine precision. If 

the pixel classification stage for a correct hypothesis attributes to each pixel a 0.9 probability 

of belonging to the object which it has been hypothesized as belonging to (i.e. a very good 

hypothesis), then the fact that there are approximately a hundred thousand pixels will cause 

the probability to be calculated as 

G 

p(ZtlXt) = II 0.9 = 0.9°, 
g=l 

which is approximately 10-45oo. When working in the log domain, all that needs to be 

stored is the exponent, which is within the range of a four byte floating point variable. 
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4.5.2 A lower bound for pixel classification probabilities 

It is important also to set a lower bound on the classification of any pixel with respect to any 

model. Since the observation process is essentially a multiplicative process where particles 

are scored according to their relative merit, if any single pixel contributes a zero probability 

factor to the product, this will set the probability of the particle to zero, although all of 

its other pixel classification hypotheses may have been very good. In this implementation, 

we set a lower bound of exp(-100) to all the pixel classifications which have associated 

probabilities of exp( -100) or lower. 

4.6 Implementation results 

We have experimented with the use of some of the different colour spaces, and the colour 

separation which we get by using them. Also we have investigated the resulting effects of 

performing pixel classification according to the Gaussian Mixture Models which we form 

from data from these different colour spaces. Before each image is processed, the image 

data is converted to the appropriate colour space for pixel classification. 

4.6.1 Scatter plots in different colour spaces 

First we present, for the particular tracking task at hand (i.e. that of tracking people 

wearing highly coloured clothing), histogram plots of the different people. From these 

histograms may be seen the colour separation already present in the RGB information, and 

the improvements gained when using different colour spaces. In each of the histograms 

shown in Fig. 4.6, Fig. 4.7, Fig. 4.8 and Fig. 4.9 each data point belongs to one pixel 

taken from a set of training images, and this is the same data which wrui used to generate 

the GMMs. There is saturation in the RGB data of the colour histograms of certain of the 

targets, which may be seen most clearly in Fig. 4.6. It is impossible to say whether the 

classification would have been significantly better if this saturation had not been present. 

However, since this saturation is present in the RGB data, from which we transform the 

data to the various other colour spaces, the effect of the saturation is present in all of the 

GMMs trained in each of the colour spaces. 

YUV space seeks to decorrelate the components on the assumption that one is dealing 

with naturally occurring colours. Using YUV we see in Fig. 4. 7 a slightly better colour 

separation than in the RGB histogram in Fig. 4.6. 
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Figure 4 .6: Scull.er plot of colour dtlto. of poopl• In mdoor s~ue in RGH space. T here ,m, seven 
people. lahelleJ ·1Vhlte". 'LigbtBlue''. ''Or&ug<,.., ''Grc,en·•, "Yellc,v,•", "D$rkl31u~• llnd 'Re<l" . 
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Figure 4 7 Sa,li,,,- pl~ of (()lour dliui of people in indwr sc,,ne in YUV dp,,c,,. 
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Figw·e 4.8: Scatt<>r plot of r.olour data of people lor indoor .sc•n• in l!SV sl)l\ce 
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I 
'J·h., HSV based pixel classification appears to yield poor colour sopan,t.ion, as can ho 

se~.u in .IF-ig. •1.8. 
The L"a*b' transformation app.,ars to have the best colour separat.ion (Fig. 4.9}, and 

wa;; lh., one selected to .e;enerate the GMll'.ls for this implementa.tion. 

4.6.2 Pr1babilit_y maps using diJf P.rP.nt colour spacP.s 

We ha,,e l!;enerate<l probability maps. which demonstrate the v&·ia.l:>ilit.y in the pixel da.,si­

fication gene1ated for a specific frame, usin.e; the Gaus,iau Ylixture Modols .e;enerar.e1l from 

the dat.a. in 4ho different colour .,paces ch,cussed a.l:>ow,. Thr. Gl\Il\Is wore tra.inod in tl,o 

same way .e;ivon r.he da.t.a in o~h of tho diffr.ront. colonr spaces, and oaeli GMM has stxt.oon 

mi.,t.ure cr.nr.crs. Tho choice of sixtor.n cent.ors pr.r C1MM por target. ruay hr. said to ho 

oxcossiv,, gjv¢n r.ho unifonnity of tho colour dist.rihut.iow; of r.ach of tho individu;,l t.argot.s. 
I 

Tho munher wa.5 cho.,en for t.wo reasons. Firntly. tho di,,tributions ;,ro kss uniform than 

they appear • .e;iven the varying aspects of each per;;on to the li!!;ht source; in the sec1t1ence. 

Also, tho skit\ colour,, of some of the t&·l!;ets vary. and this is relevant infonnation for the 

t.rackr.r. Secdndly. the outdoor sequences, which are also tested to a degree. require sL,­

t.or.n cont.er,, pr.r t;,rget (as has been e,,tahlisherl e.mpiric"1ly), 8.lld the conBistency of the 

number of ce11tors pr.r model across sequences aJlow,, better comparison of or.her i18pects of 

tho tra.ckr.r. fn Fig. 4.10 t.lio correct. pixel labelling for a n:amr. in tho ·~onchmaxk .<cenr. 

is 1lisplaye<l, ancl U,., pmbahili,1.ic elassiJkalimts sliowu in Fig. 4. 11 , Fig. 4.12, Fig. 4.1 :{ 
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Figure 4.9: Scatter plot of colour data of people for indoor scene iu L*a"b* spaoe. 
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and Fig. 4.14 may be compared with this data.. In each image, the likelihood of a pixel 

belonging to the specified target object is lL'<ed to generate a proportional pixel intensity 

on the grey scale. Therefore a white pixel represents a. near certainty that it belong;; to the 

specified object, and a black pixel represents a near zero probability. 

We can see the classification of the white person in Fig. 4.11, using RGB data, is not 

particularly good. 
The Gl\'1Ms trained in YUV space, showu in 4.12 yield g<:>od results. The GM:).fa trained 

using the HSV data, shown in Fig. 4.13, )rjeld poor results. This is because of the poor 

clustering which we observed in the histogram plot in the training data ( this result is 

corroborated in [9l). 
The results on GMM elassincation using tra.ining data in the L*a.•b• colour space is 

vi,~ibly superior, and empirical results show why we should us<i th.is space for our implemen• 

tation of the particle filter based ta,get tracker. 

4.6.3 Ground-truth comparison of pixel classification 

Since we have at our disposal manually labelled data. for ea.ch of the frames in the sequence, 
it is useful Lo compare the pixel cla.ssificat.ions as generated by the different GMMs with 

this manually labelled data. The following metric, introduced here and called the ''Correct 

Cla,;sillca.tion l\{etric", C (which may also be written as Cc1 ... iJleotion ni•th•d, where classi­

ficatior, method indicates the method used for cla.ssification), may be u~d to assess the 
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Fire 4.10: Correct pQ<el classification for the !7l&t framo in tho S<l<JllOllCO. 
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Figure 4. lf : Pixel clnssification of the white porson •••ins GM Ms trAincd with RGB data.. 
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Figurn 4.12: Pixel clnssitlcation of the wb.1te person using GM.l\lls trained with YUV data. 

F'guse 4.13: Pixel L:a,,si01:atio1, ,,r tl,~ white porsoo l!sing GM.1,1~ tr>.c1.ed with HSV ca,,._ 



45 

""'" + P;rel •~•™'•• • "' wL,, -• .;., GMM, """"' w<b L •,-,,, ""~ 

accur .. cy of each of the G?\£\1 b;,serl pixel classifications. For e.xample, with GMJvis trained .... , .. ·r : ... ·-· .. , .. ~. 
01iev - II Phet,(Z9leg) = II PA.•,holcg = To) X II Ph,u(zglc9 = T,) X ••• 

g=l gETo gETi 

x II Ph~(z9 leg = T:,v ), 
9ET.~ 

where p(z9 1c9 = T;) is the probability of observing pixel data z9 , given that pixd g bM 

been correct~ (manually) labelled as belonging to target '.11, g E T; are the pixels g in 
the region of he image which ha.s been labelled as belonging to target T;. aud wh~.rn N is 

the number different morlels including the background. The probability function Ph,.(.) 
indicates tha the probability will be calculated using GJ\IIMs trained in HSV spac,,. 

fntrorluci1g the 1.og Correct Classification Metric 

Kciassiaca,ion method:.,- !o~{C ,:1:..~tr.,:al i<,:1 ,m,1,lm,I ) : 

we may then say, in the HSV colour spare: 
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RGB YUV BSV L*a•b• 
'To -1017.6 --~726.2 -1462.8 -770.6 

7i -728.2 -494.8 -1096.7 -498.7 

~ -1614.3 -1097.5 -1905.9 -1120.2 

'Ta -1292.7 -464..2 -893.3 -481.8 

T.i -t131.5 -1572.2 -2205.3 -1622.6 
'ft, -406.9 -412.6 -547.7 -428.8 

Ts 0 0 0 0 

'Fr -372109.5 -2550 !O.', -110228.0 -186916.6 
K -378301.1 -259778.1 -118339.7 -191839.5 

Table 4.1: 'Th.ble of the cl.!wsification quality for •Mh ..,f the target objects, in rliffarant colour spa,;:es, 
\Ising the I.Ag Correlt CI=,incation Metric. 

K!u.v = log(Ch,v} = log (nPh•v(z9lc9}) 
9=1 

= L 1ogp,...(z9 lc9 =To)+ L logp,.,.(.z9 ic9 = Tt) + ... + L logp,...,,(•9 lc9 = T,v; 
9ETo 9ET1 %TN 

=To+ 'Ji + ... + TN. 

Using a manually .labelled image in t.hc soquen,x,, we can generate the Table 7.1, which 

displays the target matcliing characteristics 7. for each of the colour spaces, for the classifi­

cation of the same frame which the probability maps of Fig. 4.11, Fig. 4.12. Fig. 4.13 ru1d 

Fig. 4.14 represent. Table 7.1 contains some interesting information about the accw·acy 

of the classification which we can axpect when using C:MJ\l[s trained on dats from different 

colour spaces. What we tir,,t see is that the value for [{, which is the last row in Table 

7.1, is the highest for the HSV colour space, which indicates that this is the colour spscc 

we sliould use. However, when we inspect the individual terms 1'i for each of the target 

objocts (the sixth one of which is absent from the s=ei, we see that the HSV colour space 

scores the worst in this regard (it is the most negative). The summation for the seventh 

target object, 'F;, represents the contribution of the term for the correct classi.tlcation for 

all background pLxels. The nature of the algorithm is such t.ba.t the accurat,e classification 

of background pixels as being backgrowid pixels is not nearly as important as the accurate 

classification of foreground pixels belonging to the correct torgct. To put it differently, a 

high value for 'T. in o porticulor colour space indicates that that tnrgct wa.s well classiticd, 

using C::MM.s troined on rlata from thot colour space. A low ,~uc for 7i indicates that the 
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~g\lre 4.15: llrlQ/,';? from simple sequeue<l with Mturally ooloured peo1>le. 
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tnrgct was p+rly classified. Therefore, as a compromise between these two desirable traits 

in a pixel djsificr, we use the GMMs trained on dotn in L *a.*b* space. 

I 
,1.6,;1 Probability maps for scene with naturally colonred targets 

I 
For complctelicss, and for comparison 'with the bcnchmnrk indoor sequence, we examine also 

the colour hi:;jtograms gcnc't'oted with the manual segmentntion of people from n natural 

scene, i.e. o sdane in which t.he motion is simpler than the indoor benchmark video sequence 

used for t his t~csis. 

The colowj hlstogram.s taken from u !lu1u.-tl segwentat,iou of the people in this scene ore 

depicted in Fif- 4.16 and Fig. 4.17, i11 which we can see that i11 natural scenes, the colour 

histograms of ~ eople O\rerlap far more, and tlus wm lead to an inferior, althottgh usable, 

probability w.rsure in the observation stage for the p;,rticlc filter. We also examine the 

probability mfs generated frou, an image in this 111ttural soq,.1C!1lcc, to soc if the pixel classi­

ficatiou is accurn.tc enough to be used as o basis for a particle fil ter trockil\12; implementation. 

We can sec fr± the two probability mnps in Fig. 4.19 and Fig. 4.20, which may be com­

p11.t:cd with ma unlly classified data in Fig. 4.18, that the pixel cla.sification becoines more 

diffic11lt when tc people nre wearing ruitural, random clothing. This is reflected also in the 

histograms shoi"-n in Fig. 4.16 and in Fig. 4.17 where there is lots of overlap between the 

scatter plots of! the different targets. The usefulness of colour models in identifying targets 

is ouly as goo,( as the colottr separation in the colour histograms of t.he tnrgets involved. 

I 

I 

I 

I 
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Figw·e ,J.16: Sc~U•r 1,loL of <olour <l6ta ot four p•ople in n6ttlr6l •ren• in RGD •r»we. 

We may see for E>xa.mple th.at thE>re is oousiderable confusiou betwE>en two of the targets in 

Fig. 4.H), ns is inclicatecl by the t.w·o dilTerent targets appeariug as ,,,,.hic.e regions in the :-1ame 

probability map. This al'iS<?S b<?cause thc,y 31'" both wc,aring white, T-shirts. 
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Figure 4.17: Scatter plot of colour dat.a of four people in natural scene in L*o,.t,• spa.ce. 

f'igurc 4.18: Maoual pixel cfa,sBification of the people in the 317th frame in the outdoor sequence. 
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Figure -1.19: Pixel c1..,,,ifica1ion of \lte lu,;\ peiwn using C1n·Is t.rainoo with L•a.'b• data.. 

Figure 4.20: Pix.I da.ssifir.n.tion of t-h" fourth person using GM1't,, traiuerl with Va•b• rlat-a. 
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I 
Hiddlen lv1arkov models and fixed 
lag slmoothi11g for refi11ement of 
pixe~ classificc1tion 

To track an bject moving through a scene, our task is to accurately label the pi.xels of each 

fmwe as ha: ing a correct probability of belongiug to e.:id1 of the target objects (for which 

we hove g erated Gaussian Mix-ture Models). Our G}l}ls are based on information we 

have a.bout he r.o]our distributions of the ta.rget objects in the scene, and of the background 

of the sr.ene. 

If we consider the nature of the moYement of the target objects, we see that they tend 

to move slo I ty, and theil' positfon in any frame is highly dependent on their position ill the 

previous fr e. Therefore, given a pixel in a frame whirl, belongs to o pa.rtir.nla.r model, 

be it a mo el of one of the tat&'lt objects or of the b""kground, it. is likely that in the 

next frame t will belong to the same model. If we then r.re-~te a Hidden Markov Model 

for each pLX I, and assocfote with ea.ch model a state in the pixel's HMM. 'l'hen, given a 

range of o rvat.ions of that pLxel over a series of frames, we can in1pose our knowledge of 

the restricti , ns described earlier on the pLxels state transit.ion dynamics, via the transition 
matrix or the pixel's IE\1:vl. This approach is taken in (20], although ill that implementation 

each pixel has five associated states (hackground, leading edge, target center region, trailing 

edge, illld c 'tour change), whk.h ~re used for aU of the targets together. In contra.st. this 

implementa 011 has one pixel state per target. 

al 
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5.1 Hidden Markov Models 

5.1.1 Definition 

A Hidden Markov Model (HMM) ,\ may be fully described by the 3-tuple .X = { A, B, 1r} 
(see [65] for a more in depth discussion). In this tuple, A represents the transition matrix, 

which contains the probabilities that the model, given that it is in a pacticular state i, 

will transition into another state j, B is a probability for each state j producing a certain 

observation, and 1r is a vector which represents the prior values on each of the states. 

The HMM may be in one state qt at time t of a set of states S, i.e. s E S, with e.g. 

S = S1,S2,S3 

with each state transition coefficient having the property that 

A·· >O ,, -

and 

N 

LAij = 1 
j=l 

Also we require the definition of the observation probability distribution for each state. 

The formulation used in the case where each state's observation density is a Gaussian 

Mixture Model ( GMM), is: 

M 

b;(O) = L P;mN(Olµ;m, V;m) 
m=l 

where P;m is the prior, µ;m is the mean, and V;m is the covariance on a mixture center 

m for the HMM state j. 

Finally we require a prior distribution .X on the states in which the HMM may be in at 

the first time step. 

5. 1.2 The three problems of HMMs 

There are three problems of interest which we must deal with if we are using HMMs, namely 

• How to train the model parameters 
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• How to find the most likely state sequence given a set of observations 010203 . .0n 

• How to find the probability of a particular observation sequence given a HMM 

We are most interested in the first two problems for this implementation. 

The first problem corresponds to discovering the transition matrix A for the HMM of 

each pixel. Classically, all of an HMMs parameters may be optimized via the forward­

backward algorithm, which is itself an Expectation Maximization algorithm (see Appendix 

A for explanation), but here the problem is simplified, since we have already developed in 

the previous chapter a method for evaluating the probability of any observation of the pixel 

at a frame given the GMMs of the target objects. 

The second problem corresponds to the task of assigning a probability to a pixel's 

HMM to be in a particular state given the transition matrix A and the observed data over 

a sequence of frames. In this implementation, fifteen consecutive observations are used for 

each pixel and those fifteen observations are then used to calculate the smoothed probability 

estimate for that pixel at the time step which is at the midpoint in the fifteen observations. 

This is slightly clumsy, since we are lagging seven frames behind reality, but the results of 

this smoothing are of potential benefit. 

5.2 Training the model 

5.2.1 Training the Hidden Markov Models 

The model was trained manually. Since all transitions are possible, although self transitions 

(i.e. transitions to the same state in which the model is already in) are more likely, we fill 

the square transition matrix with values along the diagonal columns with a relatively large 

probability, place a smaller probability on the elements which correspond to a transition 

from a state representing an object to the state representing the background, and divide 

the remainder equally among the other entries. This is because we expect a transition 

from an object to the background with greater probability than we expect a transition 

from an object to another object. For the final row, we expect a high self transition if the 

pixel is already in the background state, and transitions to all the other objects are equally 

distributed. This pixel state transition model is defined using the assumptions that the area 

in image space occupied by the people is relatively small compared to the area occupied by 
the background, and that the people move independently and that there is usually some 

space between them when they interact and occlude one another. This latter assumption 

causes us to realize that in general after a person walks through a particular pixel in image 
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space, they are more likely to reveal the background behind them than another person. In 
principle a transition matrix should be made up of the following entries: 

A = [ :: ::: ::: l · 
P31 P32 P33 

in which each element Pab indicates the probability of a transition from state a to state b. 

Many different transition matrices were tested and the results compared to ground truth, 

and the following is the matrix which produced the best results for the indoor sequence: 

0.6154 0.0385 0.0385 0.0385 0.0385 0.0385 0.0385 0.1538 

0.0385 0.6154 0.0385 0.0385 0.0385 0.0385 0.0385 0.1538 

0.0385 0.0385 0.6154 0.0385 0.0385 0.0385 0.0385 0.1538 

0.0385 0.0385 
A= 

0.0385 0.6154 0.0385 0.0385 0.0385 0.1538 

0.0385 0.0385 0.0385 0.0385 0.6154 0.0385 0.0385 0.1538 

0.0385 0.0385 0.0385 0.0385 0.0385 0.6154 0.0385 0.1538 

0.0385 0.0385 0.0385 0.0385 0.0385 0.0385 0.6154 0.1538 

0.0435 0.0435 0.0435 0.0435 0.0435 0.0435 0.0435 0.6957 

where the last row and column correspond to the state of the pixel belonging to the 

background. This particular matrix describes a scenario which corresponds to the type of 

sequence which this tracker was designed for, namely with a large number of target objects, 

but in which it is assumed the targets maintain a certain distance from each other, ( as is 

normal behaviour). If this assumption is violated on occasion, there is no problem, but 

in general we seek to take advantage of this trend. The number of rows and columns of 

matrix A is obviously dependent on the number of target objects present in the scene, and 

the size and content of the transition matrix should change according to the number of 

target objects in the scene. The above matrix is then the one used when all seven of the 

target objects are simultaneously in the scene, although it is by no means optimal. Ideally 

we should like to train through data a unique HMM for each pixel. We might expect the 

transition matrices of pixels which are in the center of the room (lots of activity) to be very 

different from the transition matrices on the edges of the scene, where there is little activity. 

However, this is not explored further. 
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5.2.2 Finding the best observation sequence 

There are two general ways to solve the problem of finding the most likely state sequence 

which generated a set of observations. The first finds the sequence of states which were 

individually most likely, irrespective of a definite decision having been made about the 

states before or after it in the state sequence at any point. Once again, the reader is 

referred to [65], on which this section is based. 

Individually optimal states 

To find individually optimal states within the sequence, we define 

which can be reexpressed as 

where at(i) is defined as 

{i = l..N}, 

where b,(Ot) is the probability of the observation at time t being generated by state i. 

Fort> 1, at(i) is defined recursively, and we form the so called alpha-trellis thus: 

at(i) = [I:~1 at(i)A,;] b;(Ot+1) {t = l..T-1} 

{j = l..N}. 

Similarly for the beta trellis, 

and inductively 

/3-r(i) = 1 {i = l..N}, 

f3t(i) = Ef:1 Ai;b;(Ot+1/1t+1U)) {t = T- 1..1} 

{i = l..N}. 

Then, for any time t, we can solve for the individually most likely state 

qt= argmax bt(i)] {t = LT} 
i 

{i = 1..N}. 
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The Viterbi algorith m 

The second method is known as the Viterbi decoding algorithm, and tries to find the best 

overall hidden state sequence, given that tl1e sequence must be viewed as a whole. Thls is 

often different to the concatewtion of the individually optimal states. 

The problem is to find the quruitity 

o,.{i) = max P[q1q2q3 ... q, = i, 010z03 .. .0,[.\]. 
q1, qz, ... , Qt-1 

The Viterbi algorithm is similar to the calculation of the alpha trellis ( Ot(i)) of r.be 

previous subsection, wjth a ma.xhnization step instead of a swnming step, and for details, 

the reader may refer to Appendix B. 

The output of the Viterbi algorithm is the most likely state sequence which explains the 

observed data over the time period, however, this is not necessarily useful to us. When we 

take the observation for a given particle sampled from a distribution, tbe method we use is to 

sum over the Jog-likelihoods of all the pixels in the image, with respect to the hypothesil',ed 

pixel labelling generated by the particle. Now sinoe the Viterbi ilgoritbm returns only the 

optimal state sequence, we have no way of using this information in probabilistic terms. 

That is, we cannot use this information when we sum over the Jog likelihoods, since the 

Viterbi algorithm does not yield a set of probabilities for the states to which a pixel may 

belong, over which we can then sum the logarithms to calculate our posterior distribution. 

This is why the Viterbi algorithm Wll.'< r ejected for use in this implementation in favour 

of the method of the previous subsection, viz. finding the individually optimal states and 

then with those the set of probabilities of any pLxel being in any state at any time. 

5.3 Results of using fixed lag H::VL\II srnoothing 

Shown here are some probability maps generated when Hl\IM smoothing is included in 

the C:MM segmentation method described in the previous chapter. It appears that the 

HMM smoothing in general removes some of the effect of spUl'ious pLxel (probabilistic) 

misclassification, as well as improvh1g the probability estimate v.1thln the area of each 

ta.get object, including the background. The pmbability maps for the person dressed in 

white (Fig. 5.2, Fig. 5.4) and for the person dressed in light-blue (Fig. 5.3, Fig. 5.5) are 

shown (these are the two targets which are the most readily confused). The quality of this 
pixel cls;,sification may be compared to the manual classification of the targets, which is 

shown in Fig. 5.1. 



F igu 5.1: Manne.Jly classified pixels for the 87th frame in the indoor sequenoe. 

Figure 5.2: e basic pixel cls.ssifica.tion UU\)) for the fin;t pen;on as genernted hy GaussiAn Mixture 
Models trainee! in r,•,.•b ~puce. 



Fil(l.lr• 5.:!: The ha.sic pixel da.silication ma1, for Lhe -,ou<l p~rson .s generated by C:n1ssian 
Mixture Models irain•<l in L•a•t, space. 

Figur~ 5.4: '!'he HMM $Dlooth~ ;>ixd cl!1$Sifkati<Jn map for the first person. 



Fig e 5.5: The HMM smoothed pixel classification m.~p for th• s.,cond per,;ou. 

When on examines the Log Correct Cht.'<Sification )fotrk, introduced in the previous 

chapter, we s some surprising empiric~! results bl!Sed on these probability maps and the 

mauu,,.l segm ntation. 

The Log n-cct Classification )fotric is worse for all taa-gets, and for the total, 

Kc1-. ... ,fication ••hod, which is the same metric, for any pllliicu.l&r classification method (be it 

a GM.M base classification metho<l, G1111 with HMM, or other1Vise ). This is a sittprising 

tesult, since the probability maps seem to <lemo11strate an improvement in the classification. 

This empirics.I worsening of the probabilistic classification in the pixels is the mmlt of the 

nature of the Hl\·IM smoothing, which t.cnds to force the probability of classification of 

a pL,el to a model to be closer to zero or closer to unity th.no the simple G.MM bai;ed 

classification. After the H;>.t.\-f smoothing stage, we fin<l in general that pixels which have 

a high proba ility in their classification of belonging to the correct (manually labelled) 

model, have ad their probabilities for this das4ificatioll increased further, and con-cctly 

so. However, the case of pixels wh1d1 are proha.bilistica.11), miscla.ssified, the probability 

of the classifi ation to the correct model is decreased further, closer to zero. The overall 

Table 5.1. 

o decrease the Log Con-ect Classification 1\-letric for the pixel classification 

image. 'The total effect is negative as can be seen in the K parameter in 

There is owever a beneficial aspect to the HlvJ:M smoothing, and this is tb&t pixels 
which have b mistakenly clsss.ified with !Jigh pmhability "" helonging to a target, which 

do not in fact belong to that target, will in general have their prol-..~hilities adju6ted to 
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L*a*b* L*a*b* with HMM 

To -648.7 -778.3 

1i -1325.0 -2157.5 

~ -629.3 -1159.2 

Ta -481.3 -900.0 

~ -199.7 -325.4 
Tr, -484.6 -766.0 

Ts -377.1 -403.1 
T:, -243520.6 -381800.6 
Kc1a111method -247666.7 -388290.5 

Table 5.1: Log Correct Classification metric for each of the targets in the scene, at a typical 
frame. The addition of HMM smoothing appears to have worsened the pixel classification. 

reflect more accurately their true targets, by the HMM smoothing step. This effect may 

be seen by the Log Erroneous Classification Metric, here introduced, which is in a sense 

the inverse of the Log Correct Classification Metric. We define the Erroneous Classification 

Metric ErN for a particular target TN as 

ErN = IT p(z9 lc9 = TN), 
gETN 

and similarly, the Log Erroneous Classification Metric is 

SrN = log(ErN) = log IT p(z9 lc9 =TN)= L logp(z9 leg = TN), 
gET;i gET;i 

which will have a large value if there have been many pixels erroneously classified with 

large probability as belonging to target N, and small if there were few pixels incorrectly 

labelled as belonging to target N. Table 5.2 shows the Log Erroneous Classification Metric 

for a typical frame in the indoor sequence. 

The HMM smoothing stage may thus be useful if there are regions in the image which 

temporarily resemble one of the target objects, and so which may be discriminated against 

based on a model of pixel state transition characteristics, via a HMM. The HMM smoothing 

affects the pixel classification in such a way that the correctly classified pixels tend to be 

concentrated in the correct area. It may be useful in an algorithm such as the partitioned 

particle filtering with scan phase (described in the next chapter), where once the target 

becomes occluded, the scan phase causes the target model to converge rapidly on the best 

background approximation to the target. In the case where the Correct Classification Metric 
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L*a*b* L*a*b* with HMM 

BT-o -356709.6 -985961.5 

BT-1 -302690.3 -826856.6 

Sn -474660.9 -1215590.0 
Sn -463249.5 -1204775.3 
BT,. -731758.0 -1750928.8 
Sn, -470384.0 -1225151.8 

BT-e -400185.0 -1021655.5 

BT-1 -913469.5 -1035726.6 

Table 5.2: Log Erroneous Classification Metric for each of the targets in the scene, at 
a typical frame. The addition of HMM smoothing has reduced the amount of incorrect 
classification. 

is so similar to the actual observation method used per particle, however, we see that the 

effect on the pixel classification is detrimental with respect to the GMM based observation 

model currently being used. 



Chapter 6 

Importance sampling and 
artitioned sampling 

A well lrnown extension to particle filtering is that of importance sampling. The idea is to 

concentrate the samples which represent a distribution at interesting regions within that 

distribution, without introducing bias by adjusting the particle concentration. Therefore, 

when we sample from an alternative proposal distribution, we immediately renormalize the 

proposed particle's weight using the lrnowledge of the probability of that particle's selection 

from our proposal distribution, then assign the observation density's weight to it, whereafter 

it represents a fair sample from the posterior distribution. With importance sampling comes 

higher computational efficiency, since we choose our proposal distribution in an intelligent 

way, possibly using the latest available data (as in [31]), from the current time step. In this 

regard, there is less reliance on the correctness of definition of the process dynamics, and 

one can even define dynamics within the importance distribution itself. 

The idea of importance sampling is similar to the idea of importance reweighting, which 

is the basis of the partitioned particle filter. 

6.1 Importance sampling 

Suppose that within a recursive Bayesian particle filtering framework, we prefer not to 

sample from the prior distribution P(Xt-dZt-1), but rather from an alternative proposal 

distribution q(XtlZt). We may find that in terms of the state expectation, 
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with 

I Wt(Xt) 
= f(Xt) p(Zt) q(XtlZt)dXt 

p(Zk IXt)p(Xt) 
q(XtlZt) 
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where Wt(Xt) represents the weight of the sample drawn from the proposal distribution, 

after it has been renormalized to remove the bias introduced by the proposal distribution, 

and been observed against the data. 

Then we have 

E[f(Xt)] = p(~t) I f(Xt)Wt(Xt)q(XtlZt)dXt 

- I f(Xt)Wk(Xt)q(XtlZt)dXt 

J p(ZtlXt)p(Xt) 

I f(Xt)Wk(Xt)q(XtlZt)dXt 
= I Wt(Xt)q(Xt!Zt)dXt 

Eq(XtlZt)[wt(Xt)f(Xt)] 
Eq(XtlZt) [wt(Xt)] 

which shows us that we need to normalize at each time step across the new particle 

weights Wt(Xt) to form a posterior from which we may take the expectation. 

So by drawing from q(XtlZt), we can approximate expectations of interest by the fol­

lowing: 

(i) 
- (X(i)) - Wt(:,q ) 
Wt t - N (') . 

I:;j=l Wt(X/ ) 

Using the state space assumptions of first order Markoveneity and observational indepen­

dence given a state, the importance weights can be estimated recursively by 

This may be slightly more obvious when we consider the original particle filter equation 

as presented in Chapter 3: 
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p(XtlZt) = ktp(ZtlXt) 1 p(XtlXt-1)p(Xt-1IZt-1)dXt-l• 
Xt-1 

When we introduce the importance dynamics, this becomes: 

i p(XtlXt-1) 
p(XtlZt) = ktp(ZtlXt) (XtlX ) q(XtlXt-1)p(Xt-1IZt-1)dXt-l• 

Xt-1 q t-1 

In [7], the following algorithm for the implementation for importance sampling is pre­

sented (although it is not the only way to implement importance sampling), and allows for 

the use of multiple proposal densities. The selection of each proposal density itself may be 

randomly selected. The term "initialization prior" refers to the initial distribution on the 

state as determined by an importance distribution, and would be specified manually, for 

example by a Gaussian around the expected expectation value. The importance correction 

factor is there to remove the bias introduced by sampling from an importance distribution. 

Assume that we may sample from the prior, the importance initialization prior, or the im­

portance dynamics. Then, for each nth of N samples: 
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• First generate a random number a E [O, 1), from the uniform distribution in that 

interval. 

• Sample from the prediction density p(XtlZt-1) as follows: 

1. If a: < q use the initialization prior. Choose st> by sampling from 9t(Xt) and 

set the importance correction factor >.t> = 1. 

2. If q ~ a: < q + r use importance sampling. Choose st> by sampling from 9t(Xt) 

and set >.t> = ft(st>)/gt(st>), where 

N 

f (s(n)) - '°" ,,..(i) p(X - s(n) IX - s(j) ) t t - ~ "t-1 t - t t-1 - t-1 · 
j=l 

3. If a: 2:: q + r generate a sample from the prior p(Xt-1IZt-1) and then sample 

from p(XtlXt-1 = st\) and set >.t> = 1. 

• Calculate the observation density, and use this to weight the new sample according 

to the observed image data Zt and the importance sampling correction term. 

• After this, normalize the sample weights such that Ln 11t> = 1. 

It can be said that the bwiic particle filter is a special case of the particle filter with 

importance sampling, where the importance distribution is equal to the post-dynamics 

distribution of the state variable, so that q(XtlZt) = p(XtlXt-1). 
The design of the proposal distribution is crucial to the efficient functioning of a particle 

filter. In addition there are two constraints which must be imposed on the selection of this 

proposal distribution. Firstly that the distribution must have the same region of support as 

the prior, and secondly, the distribution should be affected by the most recent observations. 

The problem with any formulation of Sequential Importance Sampling (SIS) is that the 

sample variance typically increases over time until the effective number of particles (Neff) 
decreases to one. For this reason at every few time steps, or perhaps every time step, we 

perform a resampling step. 
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6.1.1 Resampling 

In the resampling operation, N unequally weighted particles are resampled into a new set 

of N equally weighted particles: 

(i) (i) N ,(J) 1 N 
{st , 11"t },=1---+ {st , N}i=l 

Here the ith particle s?> is chosen with probability 1r;•>, and then stored in the new distri­

bution as s'ij) with probability f.,, with j = l..N. 

The result of the algorithm is that from the previous sample set {st>, 1rt>}, n = 1, ... , N 
at time step t, a new sample set { s't>, f., }, n = 1, ... , N is constructed, and this procedure 

may be repeated whenever the number of effective particles decreases below a threshold. 

The number of effective particles is a measure of how many particles are used per time step, 

on the basis that those which are not used are wasted. The resampling operation may be 

performed to keep this number high. For a more detailed explanation on the number of 

effective particles, see the next chapter. 

6.2 Partitioned Sampling 

Partitioned sampling for particle filtering was introduced in [33] and in [32]. The mecha­

nism of partitioned sampling can best be expressed in using a block diagram formulation. 

It consists of stages of importance sampling followed by a final observation stage for each 

time step. One step of conventional condensation can be conveniently expressed with the 

following diagram: 

lp(Xt-1IZt-1) I - E] - I *h(X'IX) I- I x/(ZtlX') I- lp(XJZt) I 
In this diagram, ~ indicates a resampling step. The * operation indicates that the resam­

pled distribution undergoes adjustment by the convolution dynamics (function h(X'IX)) 
and finally the samples undergo a measurement stage, denoted by x/(ZtlX'). 

6.2.1 Weighted resampling 

The weighted resampling operation is a method for refining the concentration of samples 

which represent a probability distribution at specific locations within that distribution, 

without introducing bias to those regions, i.e. without changing the distribution which the 

samples represent. 
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Let 9(X) be a strictly positive and continuous function over the available sample space 

X. Given a particle set {sL 1rn, with i = l..N, a weighted resampling operation will produce 

a new set {s'!, 1r'!}, with i = l..N. The method according to which this new sample set is 

generated is as follows: First calculate importance weights Pi = 9(sD/ Lj=l 9(s{). Then 

select the indices of the particles from this set, k1, k2, .. , kn by setting ki = j with probability 

p3. Finally, set s'! = s;• and 71"'! = 1r;• /Pk.. Weighting the samples in this way removes 

any bias introduced when sampling them according to the artificially applied probability 

weights Pi• 

A simple example of partitioned sampling with two partitions may be as follows: 

lp(XIZt-d I - EJ -1 •h(X'IX) 1-1 ~ 91 I 
-1 •h(X"IX') 1-1.---x-f(Z-tl-X'--,') I- lp(XIZt) I 

Where in this diagram, ~ g represents a weighted resampling step using the function g. 

We see also that each partition has an associated convolution dynamics operation in which 

a subspace of any sample may be affected, depending on which partition the sample is 

currently in. There is also given a more complicated example of partitioned sampling with 

multiple partitions: 

lp(XIZt-1) I- EJ -1 •h(X'IX) 1-1 ~ 91 I 
-1 •h(X"IX') 1-1 ~ 92 I 
-1 •h(X"'IX") 1-1 ~ 9'J I 
- I •h(X""IX111

) 1-1 ~ 94 I 
- I •h(X"111 IX'"') I - ;;;;;;I x=f=(Z_t_lX_11

_
111

~) 1-1 p(XIZt) I 

In this example we see that we can introduce as many partitions as we would like. Typi­

cally the number of partitions depends on the degree to which the parameters or groups of 

parameters which make up the parameter vector of each particle can be evaluated indepen­

dently. Also useful are the diagrams in Fig. 6.1, Fig. 6.2, Fig. 6.3 and Fig. 6.4 which depict 

the iterative refinement of the region of interest in the state space, which results from the 

partitioning. 

6.2.2 Partitioned sampling for articulated objects 

In [33), where the partitioned sampling paradigm is applied to the problem of tracking an 

articulated object, this approach works because the shape of the hand can be partitioned 

into the base of the hand (fist), the thumb, and each finger, totalling six partitions for a 
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Figure 6.1: A 2D state space is resampled in its first dimension according to a weighting function 
91(X). 
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Figure 6.2: The weighting function multiplies the number of particles falling in the region where 
the weighting function is maximal. The bias introduced at this stage is removed by reasBigning 
the weights for the new particles as described elsewhere. Since the number of samples stored per 
partition per time step is usually constant, this means we lose some of the other samples. 
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Figure 6.3: On this new sample set is applied the second weighting function, g2 (X). 
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Figure 6.4: Once again the particles selected by the weighting function are multiplied. 
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single hand. In this way, samples in the probability space representing the components 

of the hypothesized hand a.-e first concent.roted, 1>itho11t introd11cing bias, in s1re.-.s where 

the base of the hand is likely to be, In the next partition, the probability distribution is 

further refined, this time in such a way as to increase the number of samples in the region 

of space where samples are lil-.ely to succ.aisfully represent the loCJ.Jtion of the thumb, and 

so on for each finger. ·when we arrive s1t the la..st partition, we will ideally have a set of 
samples which represent the same distribution as we had in the first partition, (allowing 

for the convolution dynamics), but with a higher concentration of samples in the region of 

space where we expect the correct oonfignrat.ion to apply. 

These samples are then measured against the tnie observation density P(ZdXt) and 

with these new weights, will form the sample set representing the first partition of the ne.'rt 

time step. Also useful in the wlderstanding of partitioned sampling are Fig. 6.5 which 

shows the necessary operations, and Fig. 6.6 which shows at which stages sample sets need 

to be stored in this implementation of partitioned particle filtering. 

6.2.3 Partitioned sampling for person t racking 

In their earlier work MacCorntick et a.I. [32] , used partitioned srunpling to track the contours 

which the heads of people made against the background, using a contour based observation, 

and tracking in image coordins1tes. In this implementation, the tracking of entire people is 

done in world coordinates using colour mndelling info1mation. 

Using an assumption that the components of the parruneter yector represented by each 

sample may be independently obsen•ed for likelihood, we partition the saw.pie space in such 
a way that we have on~ partition per per-son per frame. 'l'h.is assumption is not exactly 

correct as the components of the parameter vector of each. sample may indeed affect the 

way in which others J><>rls of the vector should be measured or observed, i.e. it affects the 

weight.ing function that should be used to measure the sample at that point. However, it 

does allow for robust tracking of people in a video sequence. 

6.2.4 Varying numbers of partitions 

In fad the number of people per frame in a video sequence ma.r vary in time as people 

enter and leave the scene, so we may expe,ct the number of partit.ions to vary dynnmicnlly 

with the number of people. 'l'his is possible if there is a. way of detem1ining the number 

of people in the scene at any given point i-n time. fn this implements1tiou the algorithm js 

updated by manually setting the number of targets to track in the current frame, and the 
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Fignrl'· G.(k \VE:! <.:an div:dt- thl:' proc-~ssing; of each partition int\) t .~•\) st&g<"B: th~ dy:1iwuir::,,, u11d L•hf• 
wcightE:!d ra;;unpling. 
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number of partitions varies accordingly. 

6.2.5 "\,Veigh ting funct ions 

Our nc,d; goal is to define a reasonahlc set of weighting functions bMod 011 the observation 

,oalues of particular componont8 of the particl" s,,t. Each wdghting fonction should evaluate 

a particle from this set oocording to these components, lllld not any other components, or 

t,he usefulness of partitioning the search space in a particular way is nullified. 

The ol,servation of pe.rticular components of a particle should be affected by other 

componenf.s insofar as those components affect the ,~sibility of the component in question 

via occlu..sion or f,he mode of observatio11 or otherwise. however those components should 

not be evaluated thetll$Plves, and this i,; f,he crucial differenoe. 

In our implementation, the weighting function seeks to dcu-:rmwe with rebpcct to the 

components of the particle in question, how likely it is that th~5 componont of 1,his particle 

gave rise to the observed data. 

We have already stated that our particle vector consists of the concatenated :,;, y and 

z world coordinates of a.II target ol.,jects, and that the mode of ob.servation for such a 

hypothcsi8 i,; l,o render all ellipsoids and calculate the probability of the resultant pLxel 

labelling again.~t the imagr, data. 

In this implementation, the weighting function u..sed per person is similar to the obser. 

vation method for the entire p.~rticle: 

a 
m.(X,) = g,.(Z,IX,) = fl g1,(z9IX,) = II P1,(z9) x II(L · 1>1.(z9)) 

9=l seR 9EH 

whP.re R indicates the set of pixels which have been labelled as b"longing to the object, 

which corresponds to !9 . The rest of the pixels 7l ;,re those labdfod as helongjng to all other 

target, objects (including the background). In tbls way we may me,L•Ur" 1,he corrccf..liess 

of a particular component of a particle, which hypothesizes t-hat a particular object is iu 

a parl,icular place, with a pa1ticular amount of occlusion, and which hypothesizes that, all 

other parts of the image do not belong to thac object. but does not 8pecify to which objecl-s 

they do belong. Note that occlusion has been calculated for the target in question already, 

at the ellipsoid rendering 8tage. If the targ<1t is entirely occluded, f,hen the region R will be 

empty. A similar normnlil!;ation may be do.no as before to a llow us to visit only the region 

in tb." image occupied by th" target of the current partition, so that: 
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Figu,e 6. 7: The contribution of a single pixel t<, the we,ighting function depending on its probability 
of classification as a pi-,.J ftolll a particulttr ruod.J. 

As before, we may convert this multiplication to a sl.ltllliUltion in the log <lom;un: 

1 . ·x ,. 1 (rr P1,(zg) ) <>gta,, !. ,,J :x og ( _ ( )) 
gER 1 Pl, Zy 

= I:tog ( P1,(z9) ) . 
gen l-p,,(zg) 

Then, the contribution of a single pixel to this sum, witlt respect it.s probability of ha\'ing 

been correctly c lassified, may be seen iu Fig. 6. 7. 

6.3 Noise antl Dynarnic:s for each part.it.ion 

As mentioned before, this implement.ation does not model the state space dynamics iu 

any particularly complex way. Simple diffosion dynamics are used, with random Gaussian 

noise being udde<l to the sample set at ,-,~ch partition bdore the importance reweii;hting 

is applied. We therefore introduce tbe diffusion dynamics for th" components of the state 

v<ietor immediately after the resampling operation for c-,-.ch n"w partition. as suggested in 
th" original formulation in [32] and [33:. 

There is nothing to prev.,nt tb.e use of a more sophisticated dynamical model at this 

stage. 
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6 .11 Scan phase 

This implementation of the partitioned particle filter also contains a novel method for 
recove1·ing from tracking errors. In the problem of tracking people, we have additional 

coustraints on the search space, namely that any person may occupy one of a set of known 
point8, typically along the surface of the floor on which that person is walking. Although it 
woulcl not be feasible to sea.ch exhaustively through all possible combinotions of locations 
for all people, it is feasible and useful ot ca.ch partition to allocote o small fixed number of 
samples drown rondomly from the prior distribution, but altered to reflect the possibility 
that the target object to which the partition has been allocated may occupy a different 
space on the floor of the room (which corresponds to particular area:, in the state space). 

Points at fixed locations on the floor are represented by th.ii! small set of samples, with 
the goal of tracking the person should he walk through any of these sensitive zones, these 
locotion.s in the state subspace which we insist on observing. 

The bias mtroduced by seorching with this alternative, deterministic method can be 

remo\•ed, since we can evaluate the probability of drowmg this sample from the prior, 
via the dynamics. Its position in stote space is s combination of some drnw from the 
distribution represented by the samples at the previous partition, ond values from a dotabase 
of target coordinates which overn~·ite certs.in of the elements of that stste vector before its 

observation, in a similar way to the crossover operator presented in [32[, and the genetic 
modifiers presented in [2$]. 

The partitioned sampling algorithm augmented with this scan pl4"le performs somewl!8t 
better than without it, as it allows for the recovery of lost targots. Jn fact, th.is scan pluise 
of the algorithm allows the trucker. if supplied with the correct tracking a.nd background 
models, to locate all the targets ond stabilize around the correct joint hypothesis within a 
few number of frnmcs (given that the target objects all become visible at sowe st.age) e-.•en 
when the trockcr is ra.ndou1ly initialized. 

6.4.1 Deterministic sequences within t he Duyc~iau paradigm 

We now brietly present a description of the way in which a set of samples which are to be 
specifically included, and processed determlnistically (i.e. all the samples in this distribution 
will be processed) at a particular partition in a particle filter, may he combined in a weighted 
sum with the prior (after partition lewl dynamics) distribution, and thus processed as a 
part of an importance mixture distributiOll. 

Consider a prior which bas undergone dynamics, p(X'IX)p(XI Z), and on importance 
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distributiou g(X') = L; o(X' - X;), consisting of a collection of Dir:i.c delta.. We take a 

weighted snm of these two distributions, forming a. 11cw importance distribution, G(X'} = 
up(X'[X}p(XIZ) +bg(X'), where a+ b = 1. To remove the bias i11troduccd when using this 

importauce distribution as a proposal distribution, we then normalize each srunplc in the 

combined pdf with /,(s("))/G(X'), where 

N 

/,(s(")) = I: 11';~1p(X, = st>1x,_1 = sf]1). 

j=I 

Wh"" calculating 1/G(X!) for the samples taken from th~ prior, wc find rh.-.t 

1 l I 
-- = ~~~~-~--~"" -----= G(X') p(X'IX)p(XIZ)-+ q(X') p(X'IX)p(XIZ)' 

since the samples taken from the prior are almost certainly not also in the importance 

distribution .<1(X'). For the samples of the importance distribution _q(X'), wc find that 

1 1 
G(X') = p(X!IX}p(XIZ) + g(X') 

always, since the itnportance distribution is by design requirement on a ro,gion which 

has the support of the prior. 

We may now describe the scau phase augmentation in the following ale;oritbm: 
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Assum" that there are B basic particles (llld A aug-mente<l particle. per partition. In 

addition, assume that to the distlibution represented by the B basic pru-t.icles, ,ve assign 

the weight b, and to the distr\l.mt.ion of auxiliary particles the weight a, as per the discussion 

iu t.h« previous sub.section. Then for each each J'.>a.rtitiou which is 11ot the final partition; 

• First. subsample via the dynamics h(X'IX) t.o obtain from t.he pre-dynrunk.s set {sf, ,ri} 

with i = 1..(B + A) a smaller, post dynamics set {s'i, ,r1}, with i = L.B. 

• Sample from this post dynamics set to attain another set of auxiliary particles 

(sa;, ,r;}, with i = 1..A. 

• Adjust each of the particles in th.i.s new set {s";, ,r/}, with i = 1..11, in a particular 

way to contain in the elements of each sample corresponding to the cu1Tent partition 

a new set of coordinates. So {sat 1rih with i = l..A1 hecom~ {s"'L ,rf}, with i = L.A. 

'fhe way we should weight. these new particles is important for the maint.enanee of 

the recursive Bayesian parndigm. In particular, we weight each sample in the smaller, 

post dynamics set. ({s';, r.l}, with i = 1..B) with >,(•l = ft{st>)/{I, * r(X'IX)). The 

auxiliary particles are weighted with >,(i) = f1(s}"))/(b • p(X'IX) +a.,. A) where bis 

the relative weighting given to the import(lllce distribution, and a the weighting given 

to the dynnmic.s on the prior, in t.he mi.\."tttre distribution. 

• Calculate the import=ce reweighti.ng funct.ion g.(X) on et1eh of the samples in the 

combined set of basic part.ides and augII1euted particles, in the current partition, 

re111cmberin11: that t.he previous weight of any particle is also factor in its new weight 

(this is where t.he fact.or k may come into play), So I.he new weight of any particle 

i is g.,(X) • >,{•), where g,.(X) is the importance reweighting function for the current 

partition. 

• A weighted resrunpling into the new sample set at the next pru·tition is then performed. 

If we are in the final partition, the samples in this set are me.i.rnred against the observation 

density p(Z1IX1), th~Jl resample<l into t.he first partition of the next time step. 
The scon ph..i,so, of the algorithm incorporated into the partit.ioued particle filter is shown 

in Fig. 6.8, Fig. 6.9, aud l'ig. 6.10. In Fig. 6.8 we see at which stag"" of the algorithm the 

augmented particles are inserted. In Fig. 6.9 we see w,w at each partition, the sample set is 
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Figure 6.8: We add to rertain of the sample stage,< ~n ~uxilio.ry set of sam;,les Laken from ~ disb· 
butiou \\.'hid1 ii; ~"\ltinlly bi=i$1ed c.lU rhe po$t,erinr of th~ l)re\'ious p;1t-titkm ~nd p;:!l'ti;\lly <lci,~rmincxl 
hy o~nd. 

first subsample<l via the <lynrunics iuto a smaller sa.n,ple set, au<l theu the remain<lE>.r of the 

sample set is filled with au.gmE>nte<l particles, shown in Fig. 6. lO, using a database of state 

Sf"""' coordiual,es whid, are us<?<! in the crention of the a•'!':mented particle&. ln Fig. 6. l l, 

F.ig. IU2 nncl F.ig. li.J:l, we see I.he pnint.s nn t.he surface nf the floor Lu wl,id, compoueul.s 

of tit~ :n1guwnt<~rl parrlde!-i nre assigti<¥"1 ~ in rl1dr sr::.t~ t:-j>;\<'ic~. 

6.5 Reassigning the pa1·titions 

6.5.1 Expanding ru1d Cont.radin:,:: 

A simple but relevant issue that a partitioned particle filter implements.Liou has tu <lE>al with 

when assigning partition$ to target ohje,:t,;, i, that the target object,; are likely to arrive 

nnci k:;w<~ on t.l1<~ sr:~n~ in qnit~ 11 rn,nrlmn orc:l~r. 'Th~ pnrt.irlons tl111s n(!(~rl to h<~ .\lloc;l.r~rl 

»ucl reallocalecl lo tlt~ r~SfH:!c:t.l\:~ targel objedH on th~ Hy~ tu sud, a way that. t}tt;, muuher 
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Figure 6.9: At. t!Ath pFLrtitior1~ r.he ont.irc istit, 1)amclr tht:: l"Wl.~c sot anrl :::imciliary .'Wt of pa.rtidcs arc 
all nvaluated bJ the weighted re..s:.u:npling fom.:tion tt.1u.l p!U:l~e<l into Lhe uexl partiliou. During t.he 
<l}ru.a.micitl stftge hov.--e1--cr, tht! vri<w At. e::l(:h pArr.itintl is ~uh-.. ~amplcd intc1 the postoi'ior di-;trihntion, 
t.o mtt.k-e tipaoo for t.he auXiliM_y partidt! :-..el~ \\'hidl fortn~ ~ Smflll &>a.rt• of the pArtir.)ou vo.sterior, on 
whi<:h t.ht: n~xt wdghting, function mllb't he performed. 
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D Indicates a set of normal s;m~les ■ n:"cates a panicle altering st;ge 

D Indicates a set of augmente: samples 

Fig11re f>. tO: Thi~ di,:igt·Am ilh.t.':l•r,<1tl:'l:I tht' wny ii: \';hk:h l:am,,16':I :.i.re mo<lilied before lhey arc storOO 
in the auxiliarr pMt.idc set in t.hc p<,st.crior of eflch pa.rt.ltion. PArtidr.~ ln (.hf' n11xiEat'}' p~t'i.ii:},, ti~:(. 

M*~ l':$lllpled fif1tn the dynamic.o of the f)ttrlit.ion fHior, but. have 3omc of lhcir componr.nt;;; a.ltorcd 
fln<l sr.t t,o spocific sta.to spa.er. coordinAte~. 
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Figure 6.11: After the b .. ic particle:, have been processed, the ttugmented pBl'ticles are processed 
for the sc.w pba.e. The locttt-ion for a p&rticul,u- tnrget represented in the particles in the scan phase 
i,, at a pieclet.ermined points on the floor of the intelligent envlroument. 

Figure 6.12: After the basic particles have boon processed, the augmented particles are processed 
for the scan ph..,.,. The !octttion for ._ particular tBJ'gct represented in the particles in the •can pba.e 
is at ._ predetermined points on the Ooor of the intelligeut environment. 



81 

Figure 6.13: After tlie b ... ic particles have been proce..ed. the augmented partid"' are proce,s,ed 
(or tba scan pho.se. The location for apnrtir.ulsr wget. rep~enW<l in the particles in the sr.an phase 
is at a predetermined points on the floor of the intelligent environment. 

of partitio~ used expands and contr.1<:ts with the number of target objects. 

6.5. 2 B st targets first 

Another is e which would improve the issue of such a tracker is to assign to the first 
partition object which can with the gr.au.st certainty he tracked correctly, as opposed 

to some t get object which has been temporarily occluded. The reasoning for this is as 

follows. Su pose the first partition '""re ;issigned to an occluded target object. 'Then the 

weighted r ampling would return a set of samples to the second partition which could 

not possibl correspond to the correct position of the first object. In the next partition, 

these hypo eses are carried through and then cause erroneoUB occlusion within the joint 
hypothesis cau,;ed by the badly-tracked first target object. 

The lac of complete observational independence with respect to the components of the 

state vector represcuting eacli object h,-is a negative imp~ on the tracking of nil objects if 

we begin the search space partitioning using a weighting function which v.111 partition the 

search space badly due to the corresponding ohject's occlusion. 

One wli,; to improve the tracker based on this observation is to allocate partitions to 
objects in ch a way that the first partition is alJocated to the object which is most likely 

to be visibl , the second partition to the second most likely target, and so on. Of course, 

this implie the need for some kind of occlusion rea.,;oning framework according to which 
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the part.itions may be allocated. A simple solution for this is to sort the objectll in terms 

of the depth (distance from cam.era center) via the expectation values for each particle's 

location in the state space of the posterior state distribution for t.b.e previous time step. 

In fact, this best-first approach wa.'J not implemented here, and the results therefore 

suffor from the aforementioned problems. The tracking is, however, relatively stable even 

without this potential. improvement. 

6.6 Flow Cha.rt of algodtlnn 

\Ve arc now in a position to to describe the alg-orithm as a whole in tetms of a flow chart. 

as in Fig. 6.14. As indicated by the chart., the HMM smoot.hing phase causes the particle 

filtering stage to run 7 frames behind the current frame. If this is t-00 much, the HMlv.l 
smootlting cau be done using fewer than 15 frames, or if the pixel state dyuamics are 

such that the pb,el classification will not benefit from HMM smoothlng, it can be removed 

completely. The block containing the port.icle filtering posterior distribution updat<, may be 

implemented using t-he basic particle fi lter, the partitioned particle filter, or the partitioned 

parl.icle filter with scan phase. 
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Cl1apter 7 

Rest1lts 

In this dt.'\}Jter \Vt' pres~nl !-!Om'-¼ ~rnphs an<l performance st.atislics of 1.h~ fn11d.ioning and 
perfo1ma.ncr. of pnrtil.innr.d sa.mpling wil.h GMMs j)ixd lr.vd chssific:a.tion :ind H::--fM smooth­

ing, to track people interacting in compl<l'x way,; in a ~tatk scene, as well M some remits of 

pr.o1,lr. inl.erac:1.ing naturally in a natural scene. 

Within the lilernl.ure a.bOlll, pa.rl.ic:le All.er,; for visual traddng, and indeed in Lhe lileral.nre 

for vii;ual tracking :,Jgorithm~ in r,"ner:,l, thr.re is nn sta.ncla.rcl vmy of me:>snring 1.h~ Lrnc:king 

accuracy of a particle tilter implementntion, or incle"'l of mr.os\lring I.he nccur:,cy of nny 

vis\ml 1.rnc:kin~ algorilhm. 

Moronvr.r, ,In~ l.o 1.h~ rcsmnpling sla~e which occurs once per partition in the algoritlun 

developed in thi~ implr.mr.ntation. t.he llS\la.l metrics of i.11r. ac:c:nrnc:y of I.he sdr.c:Liou of 

I.he region.s of state space for sampling such os the Effoctive N1Jmbr.r of Pnrticlr.s N,rr and 

I.he Surviva.l Rate (133]) at·e not useful e.x-cept at the le,;,I of indi,iclual pnrtit.inns. \Vo 

mny however examine Ll,e relation.,hip between this measur.. and between a growid-truth 

sl.a.Listic: such ,.s I.lie one <levelop..d later in this chapter. 

Also r>rovide<l are graphs illustrating the tracking statistics using the bosic particle filter, 

which we shall see l'erforms very poorly, and the partitioned particle filtering a.lgorithm 

without the sca.u plulse augmentation. 

7.1 Partitioned Particle Filter perforrnance assessrnent based 
on ground-truth data 

We can plot thr. c:orrcc:l porc:ontage of pixel lahelliug produce<l hy the tracker at any stage. 

This is pn,sible by using manna.Hy la.br.llr.cl cla.ta from I.lie same scene. an<l we propose that 

unless ti,~ world coor<lina.lcs of tl,o target ohject ar.. known to hl~h accuracy, this is a valid 

anti appropriate empirical measure for the functioning of a tracking algorithm. 
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For every frame, and for every object, we may generate two statistics. The first is 

the percentage of manually labelled pixels which are correctly labelled by the Maximum a 

Posteriori (MAP) likelihood of the state estimate (per frame). The second is the pere,,Jltage 

of the pixels labelled as belonging to a. cert,.iu object by the MAP e.stimat" whidi in fact 

do belong to the object. These statistics shoulc! be 1tsec! together, since using either one 

of them alone m. .. y IP,"lil to a false appra.ie."ll of a p:irti.cu.lnr MAP estimate. For example 

i.u the case where the hypothcsiiec! location of an object is too close to the camera center, 

it will generate a particularly large area in the corresponding image space. The large area 

of this hypothesis may then cause the reference segmentation to be fully covered, although 

the hypothesis is patently bad. Th.is will be revealed by t.he seoond statistic. Conversely, 

the second statistic would on its own indicate a good match given " l\·1AP estimate which 

was too for away from the camera cen.tei·, with a corresponding hypothesis region in image 

space whic.h was too small. All the pixels of the l\·IAP estimate may then correctly match 

up to the manually segrr«illtR.rl c!atn, anc! only the first stntistic wonlcl "ctn:,lly rowal the 

inaccuracy of the l\lAP estimate for the target object in question. 

7. l .1. Performance of partitioned pat"ticle filter with scan phase 

The graphs in Fig. 7.1, Fig. 7.4, Fig. 7.7, Fig. 7.10, Fig. 7.2, Fig. 7.5, Fig. 7J!, Fig. 7.ll , 

Fig. 7.3, Fig. 7.G, Fig. 7.9 and Fig. 7.12 describe the tracking success of the partitionecl 

particle filter, using two hunilrecl basic samples "°cl " hunc!rod augmented samples, for the 

trar.k.ing scene in which there nre seven highly colonrizccl people. The characteristics for the 

trac.kiug of the first two people (white anc! light-blue) arc shown in Fig. 7.1, Fig. 7.2 and 

Fig. 7.3. The characteristics for I.he tracking of the second two people (orange and green) 

are shown in Fig. 7.4, Fig. 7.5 a:ncl Fig. 7.6. The characteristics for the tracking of the 

third two (red, dark-blue) are shown i.t.l Fig. 7.7, Fig. 7.8 and Fig. 7.9, The characteristics 

for the tracking of the last target (Yellow) are shown in Fig. 7.1(), Fig. 7.H anc! Fig. 7.12. 

The best way to interpret these graph• i.s to look "t the amount of time each tracking 

curve is above zero, in comparioou to the number of times each curve falls to the bottom 

(zero percent successful pixel classification per person). So long as a cunce in the graph 

is above zero, it indicates that the target. object is still being correctly, although possibly 

inaccurately, tra.ckec!. If the pcrc,,ntage successful pixel classification falls to zero, the target 

object is essentinlly lost. Tt is cit.her random noise, the target walking into the tracker's 

scope, or the sca.n phase of the nlgoritb.m which causes the sucne&9f\J reacquisition of e."lch 

target. Notice that all targets a.re loot at some stage, but always reacquired. In fact, for 

each of the target objects which are trar.lood from I.heir :tnival on the scene, the trncker is 

still Jocked onto their locations when they leave the scene. Another interesting point about 
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'Nl1ite L-blue Orange Green Red D-blue Yellow 
Frames tra.-ked 425 328 30$ 316 262 165 165 
Total frames with target 459 362 310 389 288 236 204 
Peroentage correct tracks 92.59 90.61 99.35 Sl.23 90.97 69.92 80.88 
Longest tracking failure 15 13 l 16 5 10 6 

Table 7.1: Table of trt\Cking of seven people over the eutire sequence of 460 frames. A frame in 
which the percet1tage of correct pixel laoolliug u, higher than zero is counted !IS a correct track fur 
that t.atget for that fre.me. 

these graphs is that in gEmeral tbe cha1·acteristic of tbe graphs in Fig. 7.1, Fig. 7.4, Fig. 7.7 

and Fig. 7.10 is that the percentage conect pixel classification is higher than in Fig. 7.2, 

Fig. 7.5, Fig. 7.8 and Fig. 7.11. This is a. reflection of the fa.ct that an ellipsoid i6 not a 

perfect model of the various inmgc projectioru; of the human figure. The ellipsoid tends 1,0 

contain, on a correct hypothesis, the torso and legs of the person, but often limbs protrude 

from the border of the hypothesis region. 

Important information aboul the tracki.ug of each target which may not be clear in the 

tracking graphs of the indoor sequence is presented in Table 7.1 

In this ta.hie, the "Frames Tracked" measure is of the number of frames in the video sequence 

in which some part of the particular target was correctly tracked. The 'Total frames with 

target" parameter indicates how many frames in the sequence the target was present a.t 

all. The "Longest tracking failure" par;unetcr indicates the longest continuous number of 

frames during which the object was Jost. 

Another rl.W of the algorithm on the same data 

Next 1ve display precisely the same information, using the same tracking algorithm run on 

the ,ame seq_uence at a. different time. These tracking graphs are shown in Figures 7.13 to 
7.24. The goal is to compare the tracking reliability if all other factors such as the image 

data Md initialization parameters a.re held constant. 

We can see that there are some slight differences in the tracking in the 6rst and ,;ccond 

rUllil. For example we ca:n see that in the first run the orange target (Fig. 7.4) was lost 

around frame 150. but this does not happen in the socond tracking sequence (Fig. 7.16) , 

Similarly the white target was lost at around frame 80 in the second sequence (Fig. 7.13}, 

but in the 6rst sequence (Fig. 7.1) it was not. We can see that the red target was lost 

in the first sequence around frame 110 (Fig. 7.7), but was not losl. in the second sequence 
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Figure 7.14: Graph oftrnclting of white and Jighi,.blue target6 using the poroctrtagc of hypotbesi,.oo 
pixels which are correctly !swelled as pc.r the manually .sogmented data, in d1e second run on the 
bcnchmATk s~qn~n<:c. 
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White L-bhm Ora,ni;e Green Red D-blue Yellow 
Frames traclmd 435 331 310 333 266 215 195 
·Total frau1e:; with t:>rgct 459 362 310 389 288 236 204 
PercmJtage correct track:,; !14,77 91.44 100 85.66 02.36 !lU0 !l5.59 
Longest trackill,11; failure 16 17 0 1:l 6 5 2 

Tabin 7.2: Tnble of the -ond run of lr..cldng uC seven peuple ov,,r the entire sequence of 460 
frames. A frame in which the percenb,ga of corract pixel l•baUing i8 higher th:w :rero is counle,J as 
•· coml<:t tr!lclt for th~t to.rgel for lhat frame. 

\.\'bit<: L-blue Orange Green fu;d D-blue Yc-Jlow 
.Frames track«<l 125 0 131 116 162 0 41 
Total fr:um:s with target 459 362 310 389 288 236 204 
P«rccmtag<: correct tracks 27.23 0 42.26 29.82 56.25 0 20.1 
Loug,,st tracking failure 278 362 123 83 126 236 161 

'Thhle 7.3: 'D,.ble oftr..clting of sewn people over lhe entire ""')uence of ,[60 frAOO<l$, using the b..eic 
particle filter with 200 pa.rticles. A frnme in which tha percentage of correct pixel labelling is higher 
than zero js counterl as I\ <:orr~t trM~k for th.Ht targ~l for that frame. 

(Fig. 7.19). The stat.Lstic&l information about the tracking of each t.~rget in the second nm 

is pr~entcd in 'Tobie 7. 2. 

·The important point is that the ov<:rall characteristic of the tracker is fairly constant, 

and from this trackillg vis,13Jiz11tion wr.: con make inferences about its stability, rdiability, 

and suitability for "pa.rticuJ:,r application. 

7.1.2 Performance of b.asic particle filter 

We now examine the sam" grnphic:,lly represented results on t.he performance of th." b""ic 

particle filter, using th« same, joint state, and ohservat.ion model, when applied to the same: 

video sequei,ce using the same initfalization data. ·Tuey are displayed in Fig. 7.25 ond Fig. 

7.26. Th" statistical infonnatiou ahout the tracking of each targ«t itJ th<: run of the basic 

pa.rticl" filt<:r is presented in 'Tuble 7.3. 

·Tue basic pa:rticle lilu:r P"rrorm,; poorly compared to the partitioned particle filtm:. The 

,.Jgorithm here used the same nwnber of p:>rticles "-' <lid the partitioned p&'ticle filter in the 
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Whito L-blue Ornngo Gnxm Red D-blue Ydlow, 
Fh>mC$ tracked 79 189 2 256 285 0 0 
Tot:.! frames with t:.rget 459 :162 :no :l89 288 2:l6 204 
Perr,ent;,ge correct tracks 17.21 52.21 0.65 65.Sl 9S.96 0 0 
Longest tracking failure 148 JOI 308 131 2 236 204 

T.,ble 7.4: 'Thblc of tracking of sever, µoople over the <mtire ::ie<1u.mre of 4GO frames, 1L<ing the basic 
particle lilter, with 1400 po:rticl,s. A fram• in which the pero.utage of correct pixel lab<!lliug i• 
higher thoo zero is oounted as a. eorrcct tra<k for that target lot that frame 

graphs shown m Figures 7.1 to 7.24, in the prcwiou.s sub.octio11. We caJ1 soe that tit• basic 

particle filter i• only relLlly capable, of trackiug a •inglo porao11 at a timo, and although in 

principle the basic p,wtkJ.e filter .should c,0nverge to the same posterior distribution as the 

partitioned pn:rticle filter (although not the same posterior as the partitionocl particle filter 

with scan phase), due to the lack of intelligent sampling, many more particles are needed 

to perform the SI\Dle tracking operation. 

When the target is lost an<l then reacquired, as in the case of the green end orange target 

object, this is pw·ely accidental, and corre,"l)on<ls to a person walking randomly through 

the predicted region of hypothesis for that person. This aspect of the tracker is entirely 

Wll'eliable, and so the tracking performance should actually be regarded as worse than is 

suggested by- the tracking graphs in Fig. 7.2-5 an<l Fig. 7.26. 

It can be argue<l that if we are t.o m&l--e a perfonnenoe based comparison between Q basic 

µarticle filter Mi<l a partitiooetl µarticle filter, then it is the relati•e amount of computation 

µer frame which should be h~lcl coustaut iu each ca;e, rather thn.n the number of particles. 

Since with the partitioned pa.rtide 61tr.r e.i,;h pa.rticle is proces-socl once µr.r partition, we 

could inr.roaso the nnmber of pnriir.les in the bMic pa.rtir.le filter by a multiplic.,tive factor 

equ;il to the number of ptlrtitions. This ·•rould c.;,use the c,0mputational exp<>.n.5e between 

the two nlgorithms, por frame, to be equal. The performance of the basic particle filter with 

1400 p~-rtidos, ( since tho number of particles per partition in the pa.rtitioned particle filter 

t, 200, and thorn ;,ro seven partitioru;), is dc,pir.ted in Fig. 7.27. Fig. 7.28 and shown in 

'l\tblo 7.4. The perfornwnr.e is slightly better than tlu,t of the basic particle filter ueing 200 

particles: the filter c.>n for short periods track three targets, but not more than this. At th.is 

point the advantage of using ))!Utitioned sampling becomes clear. In theory, as the nllillber 

of particles tends to in1inity, both the oosic particle filter an<l ilie partitioned particle filter 

will nonverge to the same posterior. We ca,n see only a small improvement in the basic 

particle filter, all.hough we iucreai;etl Lhe llUJJtber of p>itticlr., by a factor of .soveu. 
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the »can phase. 

7.1.3 Performanc:e of part.ition,;d sampling algorithm without scan phase 

It i.s in.structive to ~.xaminc the p~.rfotmMce using the pixel pel'centage metric of the parti­

tioned particle filter implemented without the &can phase. The results are as •b.own iu Fig. 

7.29, Fig. 7.30 and Fig. 7.31. 'l'he stati,tical information about the tracking of each target 

in the run of the partitioned particle filter without the scan phase is presented in Toole 7.5. 

White lrhlue Orange Green Red D-hlue Yellow 
Framea tracked 302 358 309 247 227 213 lS4 
Total frames with target 459 362 310 389 288 236 204 
Percentage correct tracks 65.8 98.9 99.6S 63.5 7fl.S2 90.25 90.2 
Longest tracking failure 151 1 l 132 53 6 s 

Table 7.5: Tobie of tra.cking of ••mm people over the entire sequence of 460 frames, usi~ the 
partitioned particle filter without the SCM phM<l. A frame in which the peroontat"' of correct J>ixol 
labeDing is higher than zero ie counted M a correci track for ths.t lru:g<lt fur that frame. 
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The graphs of the tracking performanco ill Fig. 7.29, Fig. 7.30 a.ncl Fig. 7.31 are not 

pru:ticularly revealing, as the gcmoral cb..-iract~.ristics look very similar to that of the data for 

the partitioned particle filter with the scan pha.so. We ca.n see in the Table 7.5 however that 

the figure for the "Longest tracking foil,1ro" bas incroased drastically, and this is becalllle 

without tho s<:Afl phase, a. lost target can only be recovered accidentally. '\Vo can gai11 a 

gxoa.tor unclcrstan<lin.,~ of the benefit of the sc8Jl phase if we exa.miue the trocking plot for 

a. particular individual. with and without the additioual scan phase. We can soc two such 
grnphs, in Fig. 7.32 and Fig. 7.33. 

We can see in the tracking iuforro:ltion shown in Fl~- 7.32 more clearly how the whlte 

target is completely los't a.n<l then accidentally regained in the case of the pal'titioned particle 

filter without Lhn scan pha.so. If we, sdd the scan phase, the white target is recovered quickly 

after occlusions. 

l"ig. 7.33 is a. similar plot, but this time shov.ing the trncldug information of l.hn red 

target. Once again th.e filter pel'forms better if the scan phase is used, since tho ta.rgnt 

is lost at around frame 330 wif.hout the scan ph™1c, but is trackc<I until frame 385 if the 

scan phMe is included. We may obsn~,u hero also that in fact the scan phase introduces 

more fulse hypotheses than would otherwise be processed, so in fn.r.t thnre is ruso n negat.ive 
impact on the performance: At sevet'al occas.ions, (frames 120, 210, 260, 355) tho filtnr with 
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the scan phase temporarily lose• the target for short periods (one or two frames), where 

the partitioned particle filter without the scan plmsc doe• .not. Thi,; is because <luting short 

periods of near total occlu.ion which the filter without the scan phase might •urvive, the 

filter with the scan phase would more easily lock ou to an slternative hypothesis ebewhere 

in the image. The scan phase allows the filter to recover quickly from its scan phase induced 

error. 

7.2 J<~ffcr.tivc Number of PaL·tides per Partition 

Anot,her wsy of measuring the efl\,ctiveness ht the saxnpli.ng/dymunics stage of the selection 
of sample;; from a11 appropriau. region in the state space, iB to use Doucet's estimated 

effective uwnber of particles [68], propo;,ed in 1998. Where t he elfedive uumbe1· of particles, 

N.tt, i. calculated ss; 

Intuitively this measure indicates the number of useful particles which m&,y be con• 

tained in the distribution contaiwng these weights, iu the sense that paxticle. with vary low 

probabilities arc not likely to be used again, ..ud so arc waated time and space. 
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U all the particles have equal weight 1 / N, then N.;r = N, which show~ that all the 

particles axe likely to be used. Convers,.Jy, if the variance of the particles is very high, then 

N,w=L 
The plot shown in Fig. i.34 shows the munbcr of effective particles calculated at each 

partition, after the import11J1ce reweighting h.'l.l' been npplied, hut before the resampling 

step has taken place, for the indoor sequenor.. Since each partition is "'5sociate<J with one 

of the target objects, we notice thnt certnin partitions only become active as the cotre• 

sponding target appears on the scene. The number N.ir is highest for the zeroth partition, 

corresponding to the white ,,erson, 8Jld lower for subsequent partitions. The reason ror tltls 

is that in this illlplementntion the N0rr fur the ieroth partition in fact corresponds to the 

posterior for the previous t.ime step. In a successful partitioned particle lilt er, we e,q,ect 

the Nelf of the pootenor distribution for any time step in general to be higher than the N,rr 
for the iterative searches through the pnrtit.ions that would lead up to such a posterior. 

Notice th ... t while the <lnta shov.'D ill Fig. 7.34 gives us an idea of when the various 

partitions become a<:tive, a.ud perlmps also of how mnny of the sru:nples at each partition 

are in fact being use<l, the N0rr m<",'l.l'lll'C 11resr:nted for a particular, typical tracking •equence 

do<"..s not correlate usefully with the percentile mntch met.rics shown in Figures 7.1 to 7.12, 
which provide ground-t.nith data for the trackillg success at any time instant l'or the first 



r1111 on the benchmark sequence. The value of Neff as a tracking messure is then cast into 

question, although in general it may still be useful to dete1111ine the tracking efficiency, if it 

is already known that the entire tracking sequence was successful, or if it is known which 

parts were successful. 

7.3 State space variance per dimension per time-step 

The primary contrihuiion of pa.rtide filtering in state space estimation is to allow for the 

representation nod propagation of mnl.ti-modal st.-te estim.>tion given multi•mod;,l proceSl:I 

and observation noise. Tllerefore, the variance about the expect.>tion value is not necessarily 

a good mwsnre for the successful tracking of an object. However, as with Neff, under 

certain =umpiions it can he an indicator for the efficiency of the filter. If the true state 

space distribution is in fact unimodal, as woo.tld be the cMe if each target object were 

UJ.l.iquely identifiable, and if the po,,terior distribution p(XIZ) of this state space i:s essentially 

unimodal, and if it is unimodal about t-he correct. mode (i.e. the tracking is successful), then 

the variance gi,•es an iudicatio11 of the accurac)y to which t!te correct solution !las been found, 

and also of the efficiency of the tilter. 

Presented. in Fig. 7.35 is the variance of the posterior distribution at each time step (to 
give the variance of e;,cl,. dimension at eac!t ti.me step for each partition is not useful), for 

the indoor scene. 
We may have expected some correlation between the variances "~thin each dimension 

a.ud t!te corresponding ground-truth of the quality of the tracking for the objects as shown 

in Fig11res 7.1 to 7.12. However this is not the case, and the two statistics seem unrelated to 

oue another. One may ask why there is not a large increase in t!te vari11nce of a particular 

object's location vector when that ohject is lost in the tracking sequence, occluded or 

otherwise. Although t!tere may he a smell unnoticed correlation in this regard, the algorithm 

usually recovers from lost tar~ts within one to three frames, and this is typically not 

enough for the variance to huild up noticeahly. An alternative explanation is that the 

scan plwse of the algorithm is both its streagth and its weakness. \¥hen an object is lost, 

an alternative, althon.gh incorrect hypothesis is usually found very quickly. Local maxima 

for the posterior probability would still exist in couf:iguratiollB where t-he lost. target is 
incorrectly !typotl,esized to he ne.'\l· some image data which best. approximates it, end the 

characteristic of these local maxima is that they are sufficiently high to trap particles and 

therefore maintain them at a low variance within a particular subspace in the st.>te space. 
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Figure 7.35; The vnrism~ ,vithin coc:h dimcmsio11 nt t.hc posterior for ca.ch time stl',fl. 

First Second Third Founl, 
Frames tracked 144 139 150 147 
Tot.al frames ,..,;1.h t.-.rget. present. 153 153 153 153 
Percentage con·ecr. trnck.s 94.12 90.85 lllt04 96.08 
Longest tracking failure {frames) 5 8 1 2 

'.l'.,ble 7.6: Tracking information for the first natlU'al outdoor scene with four targets. 

7.4 Tracking results for outdoor scenes 

w., now e.xsmine somo, of tho, results for t.l,e tracking of t.be out.rloor sequences. We ,;o,e in 

Fig. 7.36 the >Lverage corrnct pixd cln:;sific>Ltion per n,~me, for the fir.st. out.door sequence, 

and in Fig. 7.37 the st .. t.istic.s for the second out.door sequence. 

We see in 7.36 that the t.he performance for the first outdoor sequence is reasonably 

good, and thar. targets were momentarily lost, but that the tracking overall was sound. 

Table 7.G summarizes the information in Fig. 7.36. 

Similarly, in Fig. 7.37 we s,,e th>Lt, t.he the performance for r.he second outdoor sequence is 

also good, sud that targo,ts were ruon1e11buily lost., hut tl,ar. tho, t.rncking ovo,rall w:,.s sound. 
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Figure 7.36: The ~verage of the two percentile n1etrics, for the 6n,-t outdoor scene in which there 
are four people, dres.ed naturally, with simple interaction. 

Table 7.7 SWlnnarizes the information in Fig. 7.37. 

7 .5 Operating s peed of t ra cking algoritlun 

As mentioned in the introduction, this implementa~ion of the a.lgorith:ro was not optimized 

for speed. but rather for ex.ten.sibility. Moreover, the most expensive stage of the algorithm, 

which is the observation sta11,;e, roquh-es the iterative processing of the current image, onre 

per particle, at each. partition. The partitioned sampling doe• result ln ,w overall speed 

increase throui,;h intelligent soler.tion of the stnte space region in which to sample, but 

First Second Third Fow'th 
Frames hacked 145 142 93 116 
'Total frames with tar11,;et present 147 147 110 147 
Percentage correct tracks 98.64 96.60 84.55 78.91 
Louge.st tracking fui.lure (frames) 2 1 10 6 

Table 7. 7: Tracking information fo, the second nntw·a.l outdoor sceae with four targets. 
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Figure 7.37: Th• •wr,.ge of the two perooi&Lile l!letrics, fat the second outdoor soo11e in whieh there 
arc four people, dros&cd uaturolly, with simple interaction. 

the processing overhead is too high to allow for real-time tracking despite this particular 

optimization. 

As in [1), the pixel classification stage is moved into a preprocessing stage, so that the 

pmbability maps are already available for the particle filter to operate on. This simplifies 

the observation process, since ea.ch p;,rticle tl,en needs only to sum over the probability ,na.p 

(in which probabilities are represented in the log domain) for that J)!lrticle for that image in 

the appropriate ,vay. A single frame in the video sequence takes approximately two to three 

minutes to process. based on one partition per person, with seven people, with two hWldred 

base particles and one hundred augmented particles per partition. In many particle filter 

algorithms, the particle hypothesis is analyzed to extract a region in the image within whkh 

to make the observation, however this is not uecessarily an appropria.te approach, since in 

that case tl,ere i8 image data whicli is being ignored, and which 1hey be relevant. \.Vith 

exte11sive optimi•ation, we ,na.y see real-time perforn1,'\llce. 

To iterate through " probability map once, i.e. to visit each pixel component, and to 

iucrement the cumulative oooer"a.tion probability in the log domain takes approximately 

:l milliseconds. To dmw a. sample from the prior distl'ibution, add the noise, and render 

the ellipsoids (via a scenegraph) whicli will generate the pixel labelling for" pa.rticle into a 
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bitmap t>Lkes approximately 30 milliseconds. The total is then 33 milliseconds per particle. 

With pnrtit.ioned sampling, there is an additional overhead of finding the correct- order of the 

pa.rt-itioru; whenever a new target arrives or lea~-es. On t-his platform ( which uses a C.,)eron 

2GHz pro<X,~sor ), we can cvaluat(, approximately 30 particles p<,r second. Since we need 

approximately 300 particles per part it-ion (i.e. per target), and since we have seven targets, 

we need 2100 particle computations per frame. Assuming that the frame rate for the video 

focd is 10 frames per second, we require QOmputation for 21000 particles per se00nd1 and so 
the algorit-hm on this platform is a factor of 700 slower than real-time. 

The preprocessiog stage for each paniele is also very expensive, although it needs to be 

performed only on~c per frame. Fbr eight models, with sixteen mixtures per target object 

model and a unique .ingle centered Gau:;siau distribution per pixel for the background 

model. it takes 45 seconds to prcprocc;;s a frame to generate probabilit)• maps for all targets. 

This is obviously a large overhead, but t-he speed of this stage may be incrcascd by reducing 

the uumber of mixture centers for the target models (although this will reduce the accuracy 

of the classification). Also, oue may use instead of a full cov-a.risnce matrix, a spherical 

covariance matrix, which "~II greatly reduce the cost of calculating the activation matrix, 

"-" per [67]. The cost of using the L"'a"'b' colour space may also be discarded by nsiog the 

RGB spa,:c, or whichever colour space the data was in when it arrh>ed from the camera. 

7 .o Perfonnance of tracker on 1·andom init.ializat.ion 

Suppose the tracker is not i.nitiali2ed on the correct data, but rather at random. A measure 

of bow quickly the cracker recovers all the target objects is an indication of the rob\JJltness 

aod independence of the tracker from human intervention. It is also rdevant to the com­

plete solut-ion tracking algorithm, in which a tracker should be able to detect targets "-" 

well as locate them. A cracker which can recover oil target objects quickly would also be 

more independent- and useful when integrated with a large network of such trackers, each 

responsible for a location or area of interest of a builcling. 

The images i.tl Fig. 7.38, Fig. 7.39, Fig, 7.40 and Fig. 7.41 demonstrate how quickly 

the tracker recovers all the targets, when roodou,ly initial.i2ed. 

Thls ability to reacquire targets within a joint hypothesi9 framework would not- be 

possible with the use of multiple independent trnckers, nor without the partitioning which 

a)low9 the scan phase for individual targets. Any munber of targets may be reacquired ill 

this wa)•, provided t-hey are partially visible, and a sufficient number of augmented particle~ 

have been allocat~d to the sc.~n phase. 
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Figure 7.38: 'Tracker for four targets is randomly initialized. 

Figure 7.39: After one frame, the whit<' and green targets have been recov<-rcd. 
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Fi!\nr" 7.40: After 1.wo fnum.i, the light-blue target h"" "1.9o been rec,wo,red 

Figure 'f.41: Airer 1,hn,.. lh,m,es. Oll<'h <>f the four t.argets ha,, ooeu rttt>\Ored , 
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Cor1r·lusion 

In this the s, experimentation was done in the application of Partitioned Particle Filtering 

ing of people (target objects) in a RGB video sequence. A variety of colow­

spares we tesred to investigare the ~.olour separations which t-hey could yield in the colour 

histograms of the colours of the target objects. lt. was found that the L *a*b* colonr sp~ 

yielded the. best colour separation, a.11d so the Gaussian l\'lixture Models which were de­

signed to ulodel the colour distribution., of the target objects were trained from t.he data 

t-rnnsfonned into this spal'e. 

The use of Hidden lvlarko,• Models built. and implemented on a fixed-lag smoothing 

ba,<;i, to improve the probability estimates in the pixel classification stage, in theory takes 

advnnta~ of the underlying and correct assumption that pixels have a low likelihood of 
malting a transition to any ot.her st.ate given the state that they 11.re in. However according 

to the Log Correct Classification Metric introduced in chaprer 4, the overall effect of HMM 

smoothing± ne~tive given the observation met.hod used in this implementation, although 

the Hlv.llvl moothing could assist in the case of more severe image noise. 

'11,e b~·ic particle filtering al..~orith.m -was also compared to the partitioned particle 
filtering al rithm, using the same pLxel classincation models, and the partitioned particle 

filtering n.l ,rithm was found to perform much better. 'l'he traclitional pll.rticle filter cannot 

effectively rack more than three people in a hea,~ly clntoorod scene given n fixed small 

number of articles, whereas the partitioned particle filter augmented with the scan phase 

can track I seven of the target objects sncoessfully, although they 8l'E! lost on numerous 

occasions, ut theu recovered via. the scan plk'lSe. 

The sc, phase which augments the partitioned particle filter ca,ises an improvement 

in the pert< rmance of the tracker, although it is a. relatively ine,q,ensive step to take, At 
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each partition, the state space is augmented with a small number of altered particles, each 

of which the tracker evaluates. With each partition in the sample space corresponding to 

a single target object, this altered set of particles represents samples from the search space 

which have a corresponding manually defined subspace which the sampling mechanism then 

explicitly explores. 

8.2 Future work 

Within the area of the type of observation which is done on samples of the state space, a 

dynamical observation model may be implemented, such as the adaptive Gaussian Mixture 

Model. Histogram comparison methods may also be used to compare image data with 

state hypotheses, as these better allow a region to be compared with a target model, rather 

than assuming that a sum of pixel classification probabilities yields the same result. The 

colour models developed for the target objects may be defined on a finer scale, so that the 

spatial information of the colour distribution on a target object is not lost in the creation 

of a single Gaussian Mixture Model for the entire object. It may also be beneficial to use 

multiple colour models for a single target, depending on its orientation to the camera. 

Within the partitioned sampling framev,,ork, it may be beneficial to allocate the first 

partition to the target which is most likely to be correctly tracked, and the last partition 

to the target with the smallest likelihood of being correctly tracked with the same order 

established for the intermediate partitions (it may be occluded or otherwise), and research 

may be done on the best way to estimate this likelihood, and of its effects on the tracking 

performance. 

As mentioned previously, we may improve the per-pixel probability measure by using 

Markov Random Fields (MRFs) to take advantage of the fact that a target objects pixels 

are usually adjacent to one another. MRFs however are costly to calculate, and this would 

slow the algorithm down substantially. 

One of the weaker assumptions about the observation model for the human targets 

is that each person may be modelled in world coordinates using an ellipsoid as a model. 

Although the ellipsoid has many properties which make it a convenient choice, it is not an 

accurate model despite having its parameters adjusted for each target. A superior model 

would yield superior tracking results. 

The maximum a posteriori probability before the re-normalization stage in the weighted 

resampling stage at each partition may be used to trigger a scan phase with a particular 

resolution in the state space which it explicitly searches. This would allow computational 

savings by not employing the scan phase when the probability of a correct match for a 
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particular target is high, and employing it aggressively if the target is likely to have been 

lost, and thus has a corresponding low probability for the correct match. 

The scan phase is also performed at uniformly spaced points in the state space, although 

it may be more sensible to increase a search radius gradually over time, until the object is 

located. 

Dynamic Bayesian Networks may be used for sensor fusion in particle filtering if other 

data, such as that from sound sensors becomes available, and this approach may also be 

beneficial in the incorporation of multiple camera feeds for the observation stage. 



Appendix A 

• • a1n1ng aussian M ture Models 

A. l The Expectation Maximization method 

The Expectation Maximization (EM) falls under the category of gradient ascent methods, 

with the convergence property having been proved by Dempster. EM is useful in problems 

where there is incomplete information, such as missing data association or unknown causal­

ity between model components and data. The parameters of the Gaussian Mixture Models 

represent the parameters through which we seek to maximize the probability of the data. 

One way of expressing the algorithm is by implementing it as the iterative maximization of 

a lower bound on the likelihood of the distribution. 

0• = argmax L P(0, JIU) 
0 Je.Jn 

where 0 represents the parameters over which the distribution must be maximized, J 
represents the configuration space over which to integrate, and U represents the observed 

data. In general the configuration space can be used to represent the complete data of the 

problem, and usually takes the form of explicit data association between model parameters 

or components and observed data. 

A. 1. 1 EM as lower bound maximization 

The problem may be equivalently expressed as maximizing the log likelihood of the joint 

distribution: 

0• = 0[logP(U, 0)] = argmax [log L P(U, J, 0)]. 
0 Je.Jn 

Then we can also say that 
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logP(U,0) = log L P(U,J,0) = log L l(J)pjt/;t) • 
JeJln JeJln 

According to Jensen's inequality 

Then the maximization of the function B(0; et) is also a maximization of the lower 

bound of the expression for 0*. 

A.1.2 Maximizing the bound 

We can reexpress the definition for the function B(0; et) with 

B(0; et)~ (logP(U, J, 0)} +H = (logP(U, Jl0)) +logP(0)+H = Q\0)+logP(0)+H. 

where 

• (.) indicates the expectation with respect to ft(J) ~ P(JIU, et) 

• Qt(e) is the log- likelihood defined as: Qt(e) ~ (logP(U, 110)} 

• P(0) is the prior on the parameters 0. 

• H ~ (logft(J)} is the entropy of the distribution Jt(J). 

Since H does not depend on 0, we can maximize the bound using only the first two 

terms: 

9t+1 = argma.x [B(0; et)]= argma.x [Qt(e) + logP(0)]. 
e e 

The EM algorithm iterates through the expectation and maximization steps. In the 

maximization step, this lower bound is maximized, in this case analytically, using informa­
tion obtained at the expectation step, to obtain an improved estimate for B(0; et) . 

• E-step: P(J) ~ P(JIU, et) 

• M-step: 9t+1 = argmax [Qt(e) + logP(0)] 
e 
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A.1.3 Equations for creating a Gaussian Mixture Model 

The following are the equations as developed by Bishop in (66) for the iterative training of 

a Gaussian Mixture Model. 

N 

p(j) = ! I:Ulxi) 
i=l 

where N is the number of data points. 

The mean initial values for the GMM are here chosen at random, possibly from points 

within the data set, and the covariances and priors are calculated for the data about these 

newly selected means. These equations are then iterated through until the values stabilize, 

and the results at that point may be regarded as a GMM which represents the data. 

In the next section we describe the matrix-based method, due to Nabney (2002) (67), for 

the implementation of these equations. The method for calculating the probability P(ilxi) 
is described (via the Cholesky decomposition), as well as the implementation of a step for 

checking if the smallest singular value following a Singular Value Decomposition (SVD) of 

each covariance matrices is below a threshold, to detect a collapse in any of the covariance 

matrices. This method also initializes the means, priors and covariance matrices based on 

an initial K-means clustering algorithm, which allows for faster overall training of the model 

since the EM stage, which is the more computationally expensive, begins with GMM data 

which is closer to an optimal solution than if it were initialized on purely random data. 

A.2 Generating a Gaussian Mixture Model using K-means 
clustering and the EM algorithm 

A.2.1 Initializing the Gaussian Mixture model using K means clustering 

K-means clustering is an algorithm for generating clusters within a. set of unlabelled data, 

in an arbitrary number of dimensions. Which cluster each data point belongs to is defined 

by the cluster point which is closest to the data point in question. In this way each cluster 

is represented by a cluster point, and consists of all the data points which are closer to that 

cluster point than to any other cluster point. We assume for the K-means algorithm that 
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our data consists of an N x M matrix, where N is the number of data elements, and M is 

the dimension of the data. 

The algorithm for the K-means clustering algorithm, is as follows: 

• Randomly select distinguishable data points from the data set to center each cluster 

point on. 

• For i=l..NumSteps 

1. For each data point, calculate the cluster point to which it belongs (is closest to). 

2. For each cluster point, adjust its position to be the unweighted mean of the points 

which are in its cluster. 

After this algorithm, we can arrange our cluster centers in a K x M matrix C, where 

K is the number of centers and M is the number of dimensions in the data. The data is 

also collected up into a N x M matrix D so that 

dl 
:;r; 

dl 
SI 

dl 
z 

d2 ~ d2 
D= 

:;r; z 

dK 
:;r; 

dK 
SI 

dK 
% 

or 
dl 

d2 
D= 

dK 

where 

<f=[d~ d' 
SI 

·ir ~ 

We also form a similar matrix out of the cluster centers, which constitute the input 

(randomly initialized) and output (when they have stabilized) of the K-means clustering 

algorithm. 

cl 
:;r; 

cl 
y 

cl z 

c2 c; c2 
C= 

z z 

c;< C: cf 
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C= 

where 

in the case of three dimensional data. 

cl 

c2 

c1< 
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"NumSteps" here represents the number of times we wish to iterate the k-means clus­

tering. We could also set a threshold for the largest adjustment of any cluster center, and 

when this has fallen below a threshold, break out of the loop. 

It is important that each cluster point is initialized on a distinct data point because 

otherwise two cluster points initialized at the same point in RM, where M is the dimension 

of the data, will evolve in the same way and one of the clusters will be redundant. 

After the cluster centers have stabilized, we find an estimate for the covariance of the 

data within each cluster with respect to that cluster vector. We also establish an initial 

value for the prior probabilities for each cluster, based on the number of points within the 

cluster. We then have a K dimensional vector for the prior probabilities: 

where K is the number of clusters, which is also the number of mixtures in our Gaussian 

Mixture model. For each cluster center, we then develop a covariance matrix based on the 

distribution of the points belonging to that cluster. Therefore, for the ith cluster we have: 

Diz -Ciz D1"' -Ciy D1z-C,11 

S,= 
D2z -Ci:x D2"' Ciy D211 Ci:J: 

DQz Ci:i: DQ"' C,y DQz C,:r 

where S represents a matrix of difference vectors, each horizontal row of which represents 

that data points distance from the ith cluster center, and Q is the number of data points 

belonging to the ith cluster. We can then easily form for each cluster center, a corresponding 
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intra-cluster covariance matrix V,: 

A.2.2 Refining the mean and covariance estimates using the EM algo-
rithm 

This algorithm is largely dependent on the calculation of an activation matrix, A, which is 

an N x K matrix, each element of which indicates the likelihood that a particular data point 

was caused by a particular mixture center. We may use the activation matrix to calculate a 

posterior probability on the mixture centers, after which an analytical solution is available 

for the parameter maximization step. 

Calculating the activation matrix 

At each time step create an activation matrix A. The ijth element of our activation matrix 

A may be calculated as: 

In the case of three dimensional data, and where 

with 

vjvj=Vj 

which is the Cholesky decomp06ition of V j, and d is the product of the diagonal entries of 

matrix Vj, 

Calculating the posterior probability matrix 

From the activation matrix A and the mixture component priors P we may calculate the 

N x K unnormalized posterior probability matrix F, so that 

{i = l..N,j = l..K}, 

where @ indicates elementwise multiplication. 
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We then construct a normalized posterior matrix R from F so that each row has a 

cumulative probability of unity: 

N 

~i = F,i/LF,11:. 
k=l 

The calculation of the normalized posterior matrix R constitutes the Expectation step 

of the EM algorithm. In the Maximization step, we find the new mixture centers, covariance 

matrices and prior values which are calculated analytically. We calculate also a temporary 

matrix B for use as an intermediate variable to calculate the new priors, and the matrix Y 

for similar use in calculating the new mixture centers: 

N 

bj = L~i {j = 1..K}. 
i=l 

Calculating the maximized GMM parameters 

Using B we can calculate the new priors: 

The temporary matrix Y is 

and the new matrix of mixture centers is then, element-wise: 

To calculate the covariance matrix for each ith new mixture center, we create a weighted 

difference matrix Si 

(D1x -C~x)v'Ru 

(D2x - C~xh/R2i 

(D111 - c~11 )v'Ru 

(D2y - C~y)v'R2i 

(D1z - C~.i:)v'Ru 

(D2:r - C~.i:)v'R2i 

(DNx -qx)v°Rm (DN11 - q 11)JRm (DN.i: - q:i)JRiii 
Then for the ith new covariance matrix, we have 
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We may incorporate an additional check at this stage to avoid the case of collapsing 

covariance matrices by checking the rank of the covariance matrix. If the rank is less than 

the dimension of the data, three in our case, then we can maintain the covariance matrix 

at the last form it had when before we detected its collapse. One easy way to see the rank 

of a matrix is to take its Singular Value Decomposition: 

V~ =USVT 1 , 

where the diagonal entries of matrix S contain the singular values. If the smallest singular 

value is below a threshold, then the rank is less than three and the covariance matrix has 

collapsed. 



Appendix B 

he Viterbi algorithm for 
Markov odels 

idden 

Given the observed data and a Hidden Markov Model A= {A, B, 1r}, we seek to find the 

most likely state sequence. 

Ot(i) = max P[q1q2q3 ... qt = i, 010203 ... 0tl>-] 
q1, q2, ... , qt-1 

Then, by induction: 

which is the probability of the set of observations up to t, given that the model must 

end in state j. 

We need to keep track of the maximized state at every t and j, and this is done using 

an array '1/)t(j). 
The algorithm for unravelling the optimal state sequence is then: 
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1. Initialization 

2. Recursion 

3. Termination 

4. Path backtracking: 

8t(j) = m8Jei(8t-1 ( i)Aij]b;( Ot) { t = 2 .. T} 

{j = l..N} 

{i E {l..N}} 

1/lt(j) = ar~ax [8t-1(i)Aij) {t = 2 .. T} 
l 

{j = l..N} 

{i E {l..N}} 

P* = maJCi[&r(i)) {i E {l..N}} 

qf = ar~ax [8T(i)] {i E {l..N}} 
l 
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Appendix C 

Hardware 

The platform on which this software was developed is a Celeron 2GHz with 256 MB RAM, 

running Windows XP. The compiler and IDE used were those of Microsoft Visual c++ 6.0, 

using the Microsoft Foundation Classes and OpenGL library. 
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